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Abstract
Demand modelling and simulation techniques are used in many industrial practices in order
to be able to effectively manage the utilization of available resources. The current economic
climate has intensified activity within this field with particular interest being paid to any
potential cost savings and other financial benefits that may be obtained. Further the creation
of a realistic representation of the demands present within a system can lead to a better
understanding of system behaviour; this then may facilitate the identification of elements
that are likely to allow improvement to system performance through their perturbation.
Within this thesis a model is constructed for the demands upon front line Police officers that
are used in response to high importance calls to service from the public.
Tabu search and genetic algorithms are optimizing search techniques developed and applied
across a wide variety of fields. They are particularly well suited to combinatorial problems
in which the ordering or arrangement of system elements has an impact upon the quality
of solution as assessed by some quantifying objective function. In this thesis both of these
methods are applied to the staff resource allocation problem as posed by Leicestershire
Police with the strengths and weaknesses of each evaluated. Customized diversification and
intensification approaches are applied to the tabu search methodology in order to improve
performance through tailoring it to the specific optimization problem considered. Both
search algorithms are shown to be well suited to the target problem and each result in the
generation of solutions of similar quality.
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Chapter 1. Introduction to the Thesis
1.1 Introduction
In any country with a developed code of law there is the need to employ some form of policing
body to ensure its upkeep and in order to maintain a standard of order and public safety. To
this end the United Kingdom nationally employs a total of more than 160000 officers across
the entire standard policing structure. This figure is broken down into a variety of necessary
officer roles as illustrated in Table 1.1; this is then further spread across all the county based
policing regions of the UK.
Table 1.1: UK Officer employment figures for 2006/2007
United Kingdom Numbers
Males Females All
ACPO Ranks 230 32 262
Chief Superintendent 708 61 769
Superintendent 1056 101 1157
Chief Inspector 2081 261 2341
Inspector 8534 983 8517
Sergeant 21483 3491 24974
Constable 97276 31879 129156
All Ranks 130368 36807 167174
For the county of Leicestershire this results in a total of nearly 2300 officers of all types
across the entire region. This figure is further supplemented by approximately 1500 other
staff comprising primarily of Call Management Centre (CMC) workers and other desk staff
in addition to Police Community Support Officers (PCSOs). Through suitable allocation of
these resources Leicestershire Constabulary seeks to provide the best service possible to the
public whilst simultaneously maintaining the requirements laid out in the Quality of Service
Commitment [1]; this document details 50 key criteria that must be fulfilled by any regional
policing body. Additionally a new document entitled the Policing Pledge has been produced
by the Police authority and government which enforces further guidelines on Police activity
when interacting with members of the public. Thus a major problem that the Police force
find themselves confronted with is how to spend the resources they have available in order
to best meet all of the demands and constraints made upon the services they provide. This
is of particular interest for Leicestershire Police due to a government implemented target of
15 million in revenue savings to be made from April 2011.
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This demand comes in a number of forms and originates from a variety of sources, not
only do Police officers respond to calls from the general public but they are also constantly
undertaking initiatives in order to aid in the prevention and detection of crime. For example
major public and sporting events will usually have continued attendance of a number of
dedicated officers in addition to generating a sizeable amount of office/paper work. Further
there are many tasks that although not directly involved in the detection and resolution
of criminal incidents are essential to the smooth and effective running of the force, this
includes such positions as superintendent and desk sergeant used in coordinating other active
resources. The primary focus of this research is the demand on Local Police Officer (LPO)
incident attendance originating from calls made by the general public.
Due to the ever present demand on policing resources it is a viable approach to develop and
maintain models in order to promote efficient and purposeful resource allocation. This is
the precise goal of the research and, through collaboration with Leicestershire Constabulary,
it is intended to further encourage practical applications through trial and implementation
of resulting demand profiling products. In order to achieve this firstly a review of how
demand is modelled within industrial practices outside of the Police will be presented, with
consideration given to the suitability of attempting application of such modelling work to
the Police problem. Description of the areas within the Policing system that are of primary
interest will be described with particular emphasis given to definition of the demands upon
staff members time and how this may be quantified; the understanding provided by this
will be key in allowing construction of realistic demand models. This will lead to details of
the construction of suitable demand models, including a Microsoft Excel based spreadsheet
model making strong use of historical data and a C++ based model which constructs a
profile using probabilistic methods. Methods by which staffing levels may be optimized in
order to best meet a demand based objective function will be reviewed and then applied
to demand profiles resulting from the models created. First among these methods will be
tabu search, an optimizing technique which considers previous search iterations in order
to provide diversification and encourage the investigation of a wide area of the potential
solution space for a relatively low calculation cost. A second approach considered will be
the implementation of a genetic algorithm based optimizing search methodology.
1.2 Demand Modelling
In many industries it is important to be able to gauge the amount of demand present for a
particular product or service. Reasons for doing so may vary widely across different indus-
tries however the most commonly seen practices will be those involving estimation of profits
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[2] or of expected service delivery levels [3]. Through clear understanding of the demands
present within the Police industry it is possible to provide estimates of the staffing commit-
ments required in order to satisfy them. This may then be assessed through an objective
function in order to quantify either the savings to the Police organization or anticipated
service delivery levels.
There are 2 primary methodologies by which demand my be modelled; these being the
quantification of demand through some deterministic or semi-randomized process and alter-
natively through simulation of the process or system of interest. The first of these approaches
seeks to make use of known data describing the system in order to immediately predict fu-
ture system behaviour, through application of a suitable demand compilation function [4], [5].
The second approach focuses instead on creating a simulation that mimics the behaviour of
the target system. Simulation may be more readily applied in situations wherein the system
is understood but no function or deterministic method exists that may be used to quantify
its behaviour. The most commonly seen simulation approaches make use of either discrete
event simulation [6] or agent based simulation [7]. Discrete event simulation defines a series
of chronologically occurring events which affect the state of a system and is usually defined
to simulate the impact of events occurring over a period of time. In contrast agent based
simulation instead defines a system and models the interaction of autonomous agents with
this system or with each other.
1.3 Optimization Techniques
Optimization means to find the set of system elements from a potential space of all element
combinations such that some objective function is either maximized or minimized. Methods
that facilitate this optimizing process are known as optimization techniques. Of interest to
this research are the linked targets of demand simulation and staff roster optimization, as
such it is appropriate to consider the use of optimization techniques.
Within this thesis 3 search techniques are implemented in order to achieve staff roster op-
timization. The first of these is the tabu search algorithm, a metaheuristic local search
method that makes use of logs of historically conducted search iterations in guiding the path
of optimization [8], [9], [10]. The second method applied is that of genetic algorithms, an
evolutionary algorithm search heuristic inspired by the theory of natural evolution [12], [13],
[14]. Genetic algorithms effectively breed a population of solutions by some method in order
to produce a new, stronger population. This is achieved through weighting of solution selec-
tion rates for breeding based upon their relative strength as assessed by objective function.
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In order to prevent particularly strong local solutions dominating the search results, diver-
sifying techniques based on natural processes such as mutation are implemented. Finally a
hybridization of tabu search and genetic algorithms will be considered. Other researchers
have noted the potential benefit to be gained from such an approach as each method is able
to either compensate for or actively benefit from the weaknesses of the other [15], [16], [17].
1.4 Aims and Objectives of the Research
Through this research the primary aims are:
• To improve the ability within Leicestershire Police to match available resources to the
demands for service, leading to improved Police response capability.
• To allow cost savings to be realized that may be reinvested into other areas within the
Police organization.
To achieve these aims, there are several objectives to the research presented in this thesis,
these are:
• To investigate the demands present upon the Police organization of Leicestershire, with
particular attention paid to those demands relevant to front line officers.
• Assessment of a demand profiling tool created by Leicestershire Police in order to
attempt quantification of demands on front line officers. Leading to the updating of
this tool or the creation of an entirely new tool better suited to the intended task.
• Through application of the updated demand profiling tool or by other methods, to
create realistic models of the demands upon Police staff.
• Application of operational research optimization techniques to allow the generation of
staffing rosters that are better suited to meeting the defined expected demands.
Through use of operational research techniques it is desired to create a methodology capable
of:
• Finding the most optimal distribution of available staff members across the shifts of a
roster.
• Defining the shifts that are contained within a roster to better meet the target objective
function.
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• Allow variation in overall staffing levels such that increases or decreases in total staff
employment levels may be considered.
1.5 Chapter Summary
This thesis is comprised of 8 chapters, these are:
• Chapter 1. Introduction. This chapter provides an introduction to the topics of
this research and highlights the main aims and objectives. A summary of all chap-
ters of this research is presented, describing briefly the key content and features of each.
• Chapter 2. Literature Review. The literature review describes research and appli-
cation of demand profiling techniques in problems for industries other than the Police
business. In particular, the nurse rostering problem, flow shop scheduling problem
and stock management problems are discussed. Detail is provided of optimization
techniques that were considered for application as part of this research but were not
implemented due to the use of other more well suited techniques. These unused tech-
niques are simulated annealing and ant colony optimization.
• Chapter 3. Demand in the UK Police Industry. Within this chapter the problem
as posed by Leicestershire Police is described in detail, focusing upon a staff rostering
problem for front line officers. A Microsoft Excel based tool created by Leicestershire
Police is discussed and improvements to this are detailed, resulting in the creation of
a new tool as part of this research.
• Chapter 4. Tabu Search in Detail and Basic Implementation. The tabu search
optimization methodology is explained in detail. A basic application of this optimiza-
tion technique upon the Police staff rostering problem is implemented and a series of
tests are conducted upon the basic key factors defining the search in order to find best
operating parameters.
• Chapter 5. Tabu Search Advanced Implementation. Diversification and inten-
sification techniques are introduced and a few such techniques are created and tested
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in compilation with the best defined tabu search from Chapter 4.
• Chapter 6. Genetic Algorithm Implementation. Genetic algorithms are in-
troduced with detailed explanation of the basic methodology and mechanisms that
underpin their operation. A genetic algorithm contained within a piece of commercial
software named modeFRONTIER is tested and shown to not be suited to the problem
presented. Further to this, the creation and testing of a C++ based algorithm tailored
to the Police staff rostering problem is detailed.
• Chapter 7. Additional Work. Several pieces of further work that have been
conducted as part of this research are presented. These include consideration of a
probabilistic demand profiling methodology in which statistical variation is included
with the deterministic model, an objective function based on incident attendance rate
targets and consideration of a hybridization of genetic algorithms with tabu search.
Additional work concerning the incident profiling software developed for Leicestershire
Police is discussed and a profiler describing demand upon canine trained units is pre-
sented.
• Chapter 8. Conclusions and Future Work. A summary of all work presented
in this thesis is provided with the major conclusions drawn from each chapter. The
objectives of the research are discussed with regard to the ability with which this
research has met these objectives. Potential future work is detailed that could extend
the scope of the research.
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Chapter 2. Literature Review
2.1 Introduction
In order to assess the current state of demand modelling and optimization it is important to
review work conducted by other researchers within this field. Thus this chapter presents the
major information gained from such a review, detailing first applications of demand modelling
within rostering problems, flowshop problems and stock management problems. Further to
this, 5 optimization techniques are discussed and assessed regarding their relative suitability
to implementation upon the staff rostering problem that will be defined for Leciestershire
Police.
2.2 Demand Modelling in Industry
Many companies and industries are subjected to demand upon their products or services;
in order to help with resource allocation a great many models have been developed ([18],
[19], [20] for example) which cover a broad spectrum of industries of which the most relevant
to this research are those that act in solution of staff rostering problems. This section
presents 3 types of problem faced within industry and details work by other researchers
towards their solution. These problems are staff rostering in the nursing and healthcare
industry, flowshop scheduling in industrial manufacture and stock management in retail
business. Further included is discussion of the similarities and differences between the types
of demand experienced by these industries and that experienced by the Police force.
2.2.1 Nurse Rostering
The problem of shift scheduling for staff with varying levels of ability has been researched
previously with the well documented nurse rostering problem [21], [22], [23]. In this problem
it is very usual that nursing staff for a single ward are considered with their individual shift
patterns and capabilities noted for potential optimization. Of key importance within the
nursing industry when investigating potential automated rostering systems is the calcula-
tion time required in order to provide results of a suitable quality. This is due to the setting of
hospital minimum staffing requirements so as to provide a health service to patients meeting
or surpassing minimum expectations. These expectations will be defined by the availability
levels of hospital facilities to demanding patients; however in addition more objective means
such as assessment of waiting time for service may equally be considered.
This highlights the primary similarity between rostering staff for nursing duties and roster-
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ing policing staff. The Police organization makes regular use of ’minimum cover’ figures for
responsive policing staff that are maintained in order to attempt to meet the needs of the
general public. However, the minimum cover figures themselves are an assumption and have
no scientific backing or other support beyond being an estimation of required staffing levels.
It will therefore be of importance to evaluate the currently used minimum cover figures in
order to assess the matching between them and predicted or historically recorded levels of
demand.
In the health care industry the working abilities of individual staff are important as it is pos-
sible for some members to be assigned multiple types of duty; for example a head nurse may
work in place of a regular nurse for the duration of a shift (who may in turn work in place
of a nurse aid) [24]. Within the Police force however many tasks require specifically trained
staff and accordingly the behaviour of covering shifts between differently trained personnel
is much more uncommon. This will provide an additional constraint upon the number of
staff available for rostering within the work presented in this thesis that is not present for
the nurse rostering problem.
Because the nursing staff may be switched it is very often the case that many changes to
ward shift patterns are possible and it is necessary to define some form of objective function
whereby the relative benefits of each pattern may be assessed. In order to achieve creation of
this objective function and also to ensure that practical and effective rostering solutions may
be generated a series of constraints are imposed; these constraints being of 2 distinct types,
either ’hard’ or ’soft’. Hard constraints are those that must be satisfied in order for a shift
pattern to meet the bare minimum of service requirements; these include constraints such
as minimum staffing levels and also restraints on how many hours an individual worker may
complete in a given time period. Soft constraints are not critical and functional shift pat-
terns will still be created if they are violated; examples of such constraints include individual
worker preferences for particular shifts and targeted service levels above the minimum. Thus
to optimize a shift pattern it is sought to firstly ensure that all hard constraints have been
met and only after this to then attempt to meet as many of the soft constraints as possible
[25]. In this way an objective function may be created by assigning scores to each of the soft
constraints and keeping track of how many times each is violated in construction of a shift
pattern; thus if comparing 2 patterns the one assigned the lowest score would be considered
better.
Through usage of the tabu search method and genetic algorithms, much development and
progress has been made into this field of optimization problems. The first major develop-
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ments made use of computer search methods in order to replace the previous manual shift
allocation procedure [24]. The research conducted focused upon the specific problem of staff
shift pattern generation for Belgian hospitals and resulted in the creation of a commercial
nurse rostering product, named Plane. Of interest for the purposes of this work are the
methods used in order to create a successful product. Primarily a tabu search algorithm was
used in order to explore variation in shift allocation to staff members, however results were
further improved through the implementation of search heuristics. These heuristics were
individually tailored to suit different needs and provide optimization taking into account a
variety of perspectives. For example one heuristic was concerned solely with improvement
of the worst shift pattern for an individual staff member whereas others sought to improve
the visual representation of the shift pattern in as human a way as possible.
As an example of the effectiveness of the tabu search algorithm when applied to the nurse
rostering problem and the potential improvements that may be made to staff rostering con-
sider Table 2.1 illustrating the results of work conducted by Burke, Causmaecker and Berghe
[24]. Results are shown from the application of 4 different search routines applied to 2 dif-
ferent problems created by consideration of real nurse staffing data; the methods used are
a steepest descent algorithm, a tabu search method and 2 tabu search diversifications. The
column category ‘R min’ indicates optimization in which only the minimum set of system
objectives are considered (hard constraints alone) whilst ‘R pref’ refers to searches in which
preferential (soft) constraints are also considered. The first diversification assumes that a
member of staff can work either both or neither days of any given weekend; this was selected
as when graphically represented within the final software it was found that incomplete week-
ends were the most noticeable feature for potential adjustment. The second diversification
evaluates the roster for each individual staff member and seeks to improve the worst personal
schedule through swapping shifts between it and another staff member’s schedule. The ob-
jective function used in order to provide a ’value’ for each roster is a compilation of penalty
functions that look for undesirable features and score them according to severity. Thus a
perfect roster that contains no undesirable features would have a value of 0, indeed the higher
the score that a roster attains the less desirable it is.
It is concluded from these results that automated shift rostering systems provide great po-
tential for improvements to staff and resource allocation. Further it is stated that for the
case of the nurse rostering problem the tabu search method is a very well suited technique
providing high quality staff rosters in a practical amount of time; these claims being assessed
both by the objective function of the algorithm and through validation by resource plan-
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Table 2.1: Results from application of tabu search to the nurse rostering problem
R min R pref
V alue T ime V alue T ime
Problem1
Steepest Descent 2594 1′26 2395 1′37
Tabu Search 2435 2′05 2214 2′06
Diversification 1 1341 6′00 1089 5′59
Diversification 2 1264 20′15 1011 24′39
Problem2
Steepest Descent 1338 0′44 1338 0′45
Tabu Search 1189 0′57 1189 0′58
Diversification 1 843 3′18 843 3′18
Diversification 2 809 6′25 809 6′25
ning personnel. This strongly supports the notion of application of the tabu search method
within the rostering of policing staff also due to the similarities present between the nature
of the service that both organizations provide. There are however many differences in the
underlying structures and the soft and hard constraints present in both systems, as such a
great deal of investigation and customization of the search algorithm would be necessary in
order to provide a useful solution.
In the work of Naudin et al. [26] a general staff rostering problem is considered and the re-
searchers construct 3 models leading to its solution; these models each considering a different
level of tasking that is assigned to each staff member. The first seeks to assign individual
tasks on a moment by moment basis to staff, the second considers instead the assignation of
daily rosters as a key variable and finally the third considers weekly rosters. A branch and
bound methodology is applied to each of these approaches and conclusions are drawn about
their relative strengths and weaknesses.
2.2.2 Flowshop Problems
In a great many industrial processes emphasis is commonly placed primarily on either the
amount of time in which a unit of work may be completed or the amount of units that may
be completed within a specified length of time. The common structure present in the vast
majority of cases investigated is that of an industrial manufacturing process, wherein a series
of tasks are required to be completed in a particular order through the usage of a variety of
different machines. The notion of work flow capacity in this sense may at first appear to be
of no considerable worth to the policing service, however there are potential benefits to be
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gained from such considerations in certain areas of the Police organization; for example the
flow of prisoners held in custody suites [27].
The type of problem is the most commonly encountered and lends itself very well to solu-
tion by use of genetic algorithms and tabu search, see for example [12], [28]. In both of
the referenced research documents a genetic algorithm is constructed and used in order to
solve the n-job, m-machine permutation problem. This problem is designed to simulate the
situation in which n jobs are required to be completed using m machines with the overall
objective of finding a permutation of jobs that minimizes the total time required for single
or batch product manufacture; this total time is commonly referred to as the makespan.
Though not of direct use within the field of demand profiling for Leicestershire Constabulary
there are other fields of the policing industry that could benefit from the application of such
analysis; the effects of which could in turn be anticipated to provide some positive bonus to
management of Local Police Officer (LPO) demand. For example both the Call Management
Centre (CMC) and the custody suites follow a set of necessary procedures (jobs) and have
a limited amount of staff (machines) in order to accomplish them; investigation into this is
however beyond the scope of this research.
Murata, Ishibuchi and Tanaka [12] construct a genetic algorithm for the problem with the
objective set as minimization of the makespan. This algorithm is compared firstly against
several other known search procedures and then separately against hybridizations with other
search algorithms. Through computer simulation it is shown that a genetic algorithm mak-
ing use of two-point crossover and mutation based upon shift change is the most effective
in solution of the defined problem. Table 2.2 details the results of the first series of tests
comparing the resulting system makespans from the constructed genetic algorithm, local
search, tabu search and simulated annealing.
These results highlight the potential strength of each of the methods used and indeed it is
often seen within the literature that tabu search and genetic algorithms are very strong in
application to a wide variety of problems.
2.2.3 Stock Management
It is common in business and, in particular retail, that effective stock management and pre-
diction tools are sought. Though there are many inter-relations between flowshop problems
and stock management the overall goals of stock modelling are not the same and approaches
taken to achieve those goals differ considerably.
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Table 2.2: Comparison of makespans from use of a genetic algorithm and other optimizing search
methods
Evaluations
10000 50000 200000
20Jobs
Genetic Algorithm 101.5 101.0 100.7
Local Search 101.2 100.5 100.2
Tabu Search 101.1 100.5 100.0
Simulated Annealing 100.9 100.2 100.0
50Jobs
Genetic Algorithm 102.3 101.4 101.1
Local Search 101.9 101.2 100.7
Tabu Search 101.4 101.0 100.5
Simulated Annealing 101.2 100.4 100.0
Stock management is concerned primarily with ensuring that at any given time the supply
of a product is equal or greater than the demand for it. With such a clear impact on the
profitability of individual products and entire companies it is of no surprise that a great
amount of research and development has been conducted in this field [29], [30], [31]. The
referenced paper of Silver et al. [29] provides a discussion of operations research and its
applications within the field of inventory management. It further proposes a cataloguing
system for stock management problems, going on to classify and describe some of the more
well documented examples. An addition to the proposed catalogue scheme which would
enable demand modelling problems similar to that found for Leicestershire Police to be in-
cluded would be the inclusion of an additional type of self regenerating stock. This would
mean that an individual stock item would be purchased by a customer and after a duration
then become available for further purchase; this is understood more clearly in the example of
policing to demand by considering that each officer will be able to respond to several unique
demanding incidents within a shift.
There is similarity between the view of demand in inventory management and the way in
which demand is perceived within the Police force; with the need for responsive officers taken
as demand and the amount of officers available as supply. However it is usual for inventory
management to work using a larger timescale, managing demand on a daily basis for exam-
ple, whereas it is necessary for the Police to be adaptive and adjust the supply to meet a
much more rapidly changing demand profile. The most pertinent similarities occur with the
desire to predict future demand behaviour, based on historical records and anticipation of
the effects borne out from fixed or predictable future events.
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Predictive models use information obtained regarding historical system behaviour in order
to effectively assess how the future of the system will act or develop. This is accomplished
usually through several different analytical approaches that are used to view either the sys-
tem in question as a whole or to scrutinize individual system components and measure their
individual effects upon system performance. Within the Police force there is a wealth of his-
torically recorded data as each officer activity, occurring incident and any other potentially
useful information is recorded and logged; this is due to the importance of having accurate
records of such information not only for Police records but additionally for use in a court of
law. This robust database lends itself well to the creation and implementation of predictive
modelling techniques.
2.3 Optimization techniques
Tabu search and genetic algorithms were used extensively throughout this research and detail
regarding the specifics of their implementation is included alongside details of development
and results in later chapters. Details on tabu search are included within Chapters 4 and
5 whereas information regarding the use of genetic algorithms in this research is included
within Chapter 6. The implementation methodology behind other optimization techniques
that were considered for use but not implemented within this research are discussed in more
detail in this section; namely these techniques are local neighbourhood search, simulated
annealing and ant colony optimization. Further, references to research within the literature
using these other techniques as well as tabu search and genetic algorithms are discussed
within this section.
2.3.1 Basic Neighbourhood Search
One of the simplest optimizing search techniques to implement, a basic neighbourhood search
will investigate a selection of possible system states that are within some neighbourhood of
the current state at each iteration of the search and select one of them based on the amount
of improvement to objective function quality that it provides. The neighbourhood is often
defined as the region of the solution space that may be reached through application of a
particular transformation to the current system state. For example such a transformation
could be the perturbation of the starting time of a single shift within the defined roster by
a unit amount; in this example the neighbourhood would contain all rosters that have a
single shift start time differing by a unit amount from the current roster. Termination of the
neighbourhood search is commonly specified to occur at the point at which there are no im-
proving system states available within the generated neighbourhood of the current solution.
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This process may be summarized as shown in the flow diagram of Figure 2.1
Figure 2.1: Flow diagram describing basic neighbourhood search.
The method by which any particular candidate state within the neighbourhood is selected
for use as the next state on the path to optimization may be varied to allow a less restricted
search to be performed. A standard technique is to simply record the strength of every
member of the neighbourhood through quantification by a suited objective function. Using
these strength scores, a best neighbouring state may be identified as the one that provides
the greatest improvement to the score attributed to the current system state and the search
may then proceed by iteratively selecting the best found state in each newly defined neigh-
bourhood.
An alternative candidate selection method may be employed that allows for semi-randomization
of the state selected to become the next adopted in the process towards optimization. This
is achieved through consideration of each candidate available for selection on an individual
basis with the probability of selection being dependent upon the objective function value
that is provides. Importantly the method should be designed such that a more improving
solution is likely to be selected over a lessing improving result; in this way the search should
still tend strongly towards an optimum. This approach allows some level of diversity to be
introduced into the optimization process and should help discourage the discovery of a first
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available strongly local optimum. Indeed repetition of the search in a scenario with enough
local optima should provide discovery of several differing results whilst the randomizing
nature of the selection process is in effect.
2.3.2 Neighbourhood Search in the Literature
The basic neighbourhood search methodology is not often cited alone within the literature
and indeed is commonly used as a comparative method by which the strength of other
optimizing search approaches are assessed. The reason for this is that the theory behind
neighbourhood search forms the basis of many other search algorithms, such as simulated
annealing and tabu search [32]. Indeed it is seen that the base neighbourhood search tech-
nique is regularly outperformed by the other methodologies which are based upon it [32],
[33]. Thus it is natural to select basic neighbourhood search in a similar comparative nature
within this research in order to provide a benchmark for solution quality from which the
effectiveness of other techniques applied may be assessed.
2.3.3 Simulated Annealing
Simulated annealing is a variation upon the local neighbourhood search approach with the
major difference that a probabilistic technique is used instead of methodically searching for
an improving solution at each search iteration. The simulated annealing process considers
that each possible solution to a system is representative of some state of a physical system.
Through perturbation of an initially poor system state (as quantified through some objec-
tive function) the search seeks to find an optimal state from the set of all those potential
system states in the entire solution space. In this way it can be seen that the space upon
which simulated annealing is most suited for use is that of a discrete solution space where
there is some upper limit to the amount of possible system states that may occur (even if
this amount is very high). Though the search is able to provide a global optimum, it could
be expected that to do so would take longer than to exhaustively investigate each possible
system state. Thus the most common objective with application of simulated annealing is
in the discovery of a solution that meets some defined quality target within an acceptable
amount of calculation time.
The search algorithm itself performs by, at each search iteration, considering some neigh-
bouring state of the current system state and using a probabilistic approach in order to
decided whether to move to this new state or to remain at the current state. Neighbouring
states are those states that could be produced through some particular perturbation to the
current state. For example, considering a defined series of shifts each with particular staffing
15
allocations to be a system state then one method of generating neighbours could be through
the movement of a staff member from one defined shift to another. Demonstration of this is
included in Figure 2.2 wherein an initial system state (a) is shown and a potential neighbour
(b) is generated by moving a staff member from the 1st shift to the 3rd.
Shift number Staff Amount
1 5
2 3
3 0
4 2
5 3
(a)
Shift number Staff Amount
1 4
2 3
3 1
4 2
5 3
(b)
Figure 2.2: A demonstration of system state perturbation in neighbourhood search.
The probability of selection for any generated neighbouring state to be accepted as the new
system state is given by an acceptance probability function that is based on the objective
scores of both the current and neighbour states and also on a global parameter called the
temperature This function may be written as P (x, x′, T ), where x and x′ represent the ob-
jective values of the current and neighbour states respectively and T is a time dependent
variable that represents the temperature. There are many requirements of this function that
control the way in which it will act upon the search and encourage it to tend towards system
optimization. Firstly it is important that the probability be non-zero when x′ is greater
than x; this allows the search to make non-improving moves, which helps in prevention of
the search becoming trapped at a strongly attracting local optimum. Though this is the
case it is also important that the probability by sufficiently small when x′ is greater than
x so that uphill moves are not so common as to cause the search to behave too randomly.
This is accomplished through use of the temperature value which is initially set to some high
value and then decreases as iterations of the search are conducted through some annealing
schedule. As the temperature decreases, the probability of selection in cases in which x′ > x
decreases and tends towards 0; so once T reaches 0 the search will only perform downhill
moves. Finally, it was originally considered that the probability of selection should always
be 1 in cases where x is greater than x′ (that is, the neighbour has a better score than
the current state) however this is not critical for the method to work and this condition is
removed in some later work.
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2.3.4 Simulated Annealing in the Literature
Simulated annealing has been used fairly extensively in application upon staff rostering and
scheduling problems. Indeed the work of Murata at al. [12] mentioned in Section 2.2.2
makes consideration of a simulated annealing technique and compares solution quality of
rosters generated from it against those provided by tabu search. The results of their work
are illustrated in Figure 2.2 where it is seen that simulated annealing is one of the best
performing amongst the optimization techniques tested. Further work of interest within this
field conducted by Seckiner et al. [34] considers a job rotation scheduling problem in which
some level of service is required to be delivered continuously over an extended time period.
This is similar in nature to the Police organization wherein it is necessary to provide a service
to the general public at all hours of the day on any day of the year; indeed this is the case
for many public service industries in addition to some private ones. Further similarity to the
Police organization is evident through the use of time varying demand upon services, with
certain times of day and days of the week specified to experience peaks in demand. A series
of trials are performed using their tailored simulated annealing approach and comparing it
with the integer programming method of Carnahan et al. [35]; a summary of some key
values from their results are presented here in Table 2.3. It is concluded from these results
that though simulated annealing is slightly outperformed in most cases in terms of solution
quality, it does greatly outperform the integer programming method in calculation cost.
Table 2.3: Results from comparison of integer programming and simulated annealing.
Problem IP SA IP Time SA Time
1 910 950 86400 238.36
2 730 760 86400 110.02
5 760 800 86400 40.39
8 314 311 86400 30.78
The result unfortunately indicates that though the calculation time is far shorter for the
simulated annealing approach, the solution quality is lower than that provided by other
methods (namely tabu search). Due to this it would be more suitable within this research
to consider application of the tabu search method within this research instead of simulated
annealing. There are no strong time constraints specified within the problem defined by
Leicestershire Police and indeed staff rostering decisions are commonly made 10 weeks in
advance of the time at which they are implemented.
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2.3.5 Ant Colony Optimization
Ant colony optimization originated is based upon the known behaviours of ants as a proba-
bilistic technique used in order to solve path finding problems in graphs and was first used
by M. Dorigo in his thesis on learning and natural algorithms [36]. The method essentially
simulates the movement of ‘ants’ upon the desired graph for optimization with the previous
movement of each ant being recorded through a ‘pheromone trail’ that is left in its wake. All
ants will originate from a single source and will attempt to reach a certain target position
and then return to this source. In doing so, the pheromone trail left by an individual ant will
dictate the path that was taken by it in both reaching the target and returning. Further ants
will then leave the origin point with the same goal however their path will be less random
and may instead be guided by previously left pheromone trails; this will result in the most
well travelled pathways receiving the most pheromone trails and thus being more popular for
selection as a pathway by future ants. The path is optimized through application of decay
over time for each pheromone trail that is placed meaning that a path which takes longer in
order to reach the target and return will have a weaker pheromone coverage than one taking
less time to travel. Indeed with ants leaving the source at a constant rate, it would be seen
that the pheromone trail associated with the shortest path would become strongest as more
ants would follow it within a given time period. After some amount of time it would be
expected that a particular pathway will be defined through the graph with a strong enough
pheromone trail that all further ants will always travel upon this path; such a path should
be the optimum and all other paths becoming untravelled would decay completely.
The graph travelled by the ants will be defined through a series of nodes that share links
between them of varying length, as an ant reaches any particular node in the graph it will
decide which path it should take based on any pheromone trails present and a desirability
factor. This desirability factor is commonly set to be the reciprocal of the distance between
the 2 nodes of the graph that a path links. The probability of a path between nodes i and
j of a graph being selected for travel is given by
Pi,j =
T ai,jD
b
i,j
Σ(T ai,jD
b
i,j
where T represents the pheromone strength on the path, D represents desirability, a is a fac-
tor that governs the importance placed upon pheromones and b governs importance placed
upon desirability.
One of the particular strengths of ant colony optimization is that it may be run dynamically,
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upon a system wherein changes to the system structure are seen to be dependent upon time;
this is a particular advantage over the usual applications seen with approaches such as sim-
ulated annealing, tabu search and genetic algorithms. Indeed this dynamic trait lends itself
very strongly to the solution of routing and transportation problems for urban environments
where it is common for the rate of flow to change dramatically at certain times; for example
in simulation of transport to avoid traffic jams [37].
2.3.6 Ant Colony Optimization in the Literature
This methodology is strongly suited to application in those problems where some improve-
ment to quality of solution may be obtained through optimization of a transport or routing
scenario [37], [38]. Indeed Bell et al. [38] remark that not only is ant colony optimization
capable of solving known vehicle routing problems to near optimal solution but it is able to
do so within a comparable computation time as that required by other methods. Vehicle
routing problems are traditionally defined such that there exist a set of resource hubs from
which resources may be deployed in response to calls for service from customers; an example
of this is provided in Figure 2.3 wherein a single hub is shown and required to supply re-
sources to 5 customers. The algorithm applied seeks to find routes between customers such
that all may be supplied with a resource whilst also optimizing some objective function;
typical functions include minimization of total distance required to travel or minimization
of total time required. There is some similarity here between this and deployment of Police
personnel in attendance of incidents generated from calls by the general public. However
with the time dependent nature of Police incident occurrence, it would rarely be the case
that enough incidents exist in such a fashion for a single Police resource to be allocated a
route to meet them all. This is due to the fact that many occurring incidents will be highly
sensitive and will require a rapid response, coupled with large variation in the times that
incidents will occur this leads to a level of unpredictability that is not suited for solution via
ant colony optimization.
Ant colony optimization has also been applied successfully within non-transport related in-
dustries [39] [40]. Presented in the work of Gravel et al. is an ant colony optimization
algorithm used to solve a scheduling problem for aluminium casting [39]. In the paper in-
dividual simulation ants are used in order to represent separate routes through the machine
processing environment. Feasible solution constraints are enforced upon each route, such
that only those that are able to provide the required series of operations (those ants that
travel through all required nodes) in a suitable order and within a bounded time are allowed.
Optimization then occurs through consideration of additional factors such as total resource
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Figure 2.3: Example of a vehicle routing problem.
usage or total time usage within the process. The pheromone trail left by each ant is updated
with respect to a single objective and by its design encourages the selection of future routes
that make use of highly profitable combinations of route elements.
The ant colony optimization methodology is however not directly suited to application upon
combinatorial problems such as the staff rostering problem posed within this thesis. It is
particularly strong when considering routing problems or those in which a process is defined,
however this will not be the case in this work. Accordingly this method will not be applied
within this research.
2.3.7 Tabu Search in the Literature
The tabu search method has been applied successfully across a broad variety of problems
[21], [43], [10] where it is seen to perform strongly in comparison against other optimization
techniques in all cases. In particular it has been applied to great effect to the problem of staff
roster optimization [9], [21], [11]. In the work of Dowsland [11] a tabu search optimization
approach is applied to the specific problem of nurse scheduling. A dual target for optimiza-
tion is provided through use of a method called strategic oscillation. By this technique the
search first attempts to find a feasible solution that provides the cover required in order
to meet all defined nursing requirements, upon discovery of such a result the search then
changes objective (or oscillates) to instead consider the individual staff preferences with a
roster. The end result from this is to generate a roster that is both feasible and also meets
as many preferential objectives as possible. The strengths of rosters generated automatically
are compared against those created by a human expert and both are seen to be of a similar
quality as assessed by the staff preference based objective function. Importantly however,
the human expert requires a great deal more time in order to produce such results than the
automated tabu search method.
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In the work conducted by Musliu et al. [44] a tabu search method is implemented that rede-
fines the shift structure iteratively in order to best satisfy a given objective function. They
show that such a process is of strong benefit to staff rostering problems and demonstrate its
effectiveness on both generated and real world problems. Gaspero et al. [45] demonstrate
an alternative objective to that considered here, instead seeking to generate staffing rosters
with as few shift variations as possible. The intent of this is to reduce the complexity present
within a series of defined shifts in order to increase the ability with which it may be managed.
In contrast, the research presented within this thesis considers a fixed number of shifts and
seeks to best fit available staff across them.
Tabu search has been seen to be very well suited to the combinatorial staff rostering prob-
lem, both in consideration of staff distribution across a defined roster and through iterative
redefinition of the shifts composing a roster. These are precisely the factors that will be
considered to form the basis of the optimization problem defined within this research and as
such tabu search is a very suitable optimizing technique.
2.3.8 Genetic Algorithms in the Literature
The theory of the genetic algorithms search heuristic is widely applied across many fields
of research, both industrial [14], [46], [12] and academic [47], [48]. The primary focus of
academic research is in improvement to the algorithm when applied to general problems and
through creation of new techniques and modifications that are able to increase the power of
the search technique. Srinivas et al. [47] and Goldberg et al. [48] both make good example
of this through consideration of refinement through the methodology by which solutions
are selected at each iteration of the search. In particular Srinivas et al. investigate the
effectiveness of allowing adaptive variation in the mutation and crossover selection rates
used within the search that are adjusted based upon the strength of generated solutions,
thus high quality solutions are more commonly preserved and lower quality solutions are
more likely to be subjected to diversification.
Within this thesis, emphasis is placed primarily upon the application of optimizing search
techniques to a defined series of staff rostering problems. Indeed as with tabu search, the
method of genetic algorithms has been applied to the popular nurse rostering problem with
a good degree of success [49]. Moz et al. [49] use a slight adaptation to the standard defined
problem through consideration of a nurse re-rostering; a situation in which a staff member
is suddenly unavailable to work a given shift, resulting in a required restructuring of the
staffing roster. Their work was trialled using real world data from a Lisbon hospital and
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is noted as being able to provide high quality solutions in a suitably short amount of time.
Indeed with the short notice at which these problems would arise in the real world it is of
strong interest to be able to generate a compensating solution roster as quickly as possible.
Ernst el al. [50] review a wide range of staff scheduling and rostering problems and note
in particular the successful application of genetic algorithms that have been seen by other
researchers in the field.
The noted ability of genetic algorithms to solve staff rostering (and indeed re-rostering)
problems within a short amount of time suggests that they will be well suited in a similar
role for the Police industry. Indeed with public safety and security as the primary goal of the
Police organization, the ability to quickly generate suitable staffing rosters for deployment
would be of particular benefit.
2.4 Summary
Though several optimization techniques have been discussed within this chapter, only 2 of
them stand out as being most relevant for implementation upon the type of staff rostering
problem that is defined by Leicestershire Police. These are the tabu search and genetic
algorithm methodologies. With a wide array of applications on similar problems in the
literature having been presented in both cases it is likely that they will also be well suited
for this research. The basic neighbourhood search methodology however is noted as being
suitable to provide a benchmark solution from which the scale of the improvements expected
from application of tabu search and genetic algorithms may be assessed.
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Chapter 3. Demand in the UK Police Force
3.1 Introduction
This chapter will provide an overview of demand factors relevant to front line policing staff, in
particular Local Police Officers (or LPOs), and will demonstrate how these may be compiled
to present a reliable image of the overall demand faced. A demand profiling tool originally
created by Leicestershire Police will be discussed and flaws in its functionality and ability
to realistically represent demand will be demonstrated. Further to this the development of
a new profiler created as part of this research will be presented that overcomes the flaws of
its predecessor. This enhanced profiler has been successfully used in order to inform new
roster creation decisions within Leicestershire Police, highlighting potential risks with any
given roster and allowing adjustment to better suit anticipated demand.
3.2 The Police Industry
3.2.1 Working Time Regulations
The working time directive [41] was implemented in the United Kingdom in October 1998
in an effort to regulate the statutory working time provisions for workers. The regulations
laid out therein provide a framework that employers must adhere to when allocating working
hours to personnel. A series of restrictions and limitations on the ability to manipulate staff
shift patterns will thus be generated from this source; these being of critical importance with
the goals of this research being such manipulations.
The most important considerations for the purposes of this research are those directly relating
to the acceptable placement and timing of individual shifts. The most impacting amongst
these being the requirement for staff to receive a specified minimum amount of rest and break
periods over a duration of working time. In particular it is stated that no worker should be
assigned more than 48 hours work within an average 7 day week; that is unless otherwise
arranged through a suitable agreement between employer and employee. The average weekly
value is usually calculated taking a staffing roster that covers a 13 week period in order to
allow more complex situations to be suitably accounted for; such situations are encountered
when a staffing roster is seen to change on a weekly basis. It is acceptable to use varying
sample lengths where appropriate, for example the most commonly used staffing rosters
within Leicestershire Constabulary are comprised of a 10 week recurring loop; in this case it
is appropriate to calculate average weekly working hours over a 10 week period instead of a
13 week period.
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In certain cases how particular types of shift are defined is of interest when considering the
variation in their structure; for example in making changes to the starting time and duration
of individual shifts. Night shifts are most strictly defined in this way with the coupled
requirements that they should be of at least 7 hours in length and must also cover the period
between midnight and 5am. Under these constraints it may not be possible to make changes
to the current night shift structure; however the situation is much more relaxed with respect
to early and late shifts with much greater potential benefit to be expected from manipulation
of these. An early shift may be of any length up to 12 hours and must regularly begin at
some point in time between 7am and 10am. Late shifts essentially cover all remaining shift
possibilities, but are most commonly seen to start between 1pm and 6pm. A lack of flexibility
is further compacted by the definition of a working day in Leicestershire Police as starting
and finishing at 7am; thus a night shift can at the latest finish at 7am and an early shift can
at the earliest begin at 7am.
A standard full time worker should not then, on a regular basis, be allocated shifts which
result in a schedule of more than 48 hours working time in a week. Working time being
defined within the working time directive [41] as the hours in which an individual employee
is contributing towards the productivity or benefit of their employer. Notably this definition
does not include any time spent travelling to and from a regular place of work and accordingly
an employee is expected to make their own arrangements in order to arrive on time for the
start of a shift. Note that it is possible for a worker to opt out of the regulation and work
more than 48 hours in a week, again through a suitable arrangement between themselves
and their employer.
It is necessary that ample provision be made for break and rest periods within any given shift
pattern; these are quantified through inclusion of 2 conditions. Firstly it is required that
within any 24 hour period there be an undisturbed rest period of at least 11 hours. This
period can however run between calendar days; indeed this is the commonest placement
of such a rest period if standard office hour careers are considered. This rest period is to
ensure that staff do not become overworked and have sufficient time for non work activities.
The second condition is for any shift of length greater than 6 hours that a 30 minute break
period be made available; though it is not stated whether a shift of 12 or more hours would
necessitate 2 such breaks and for this research it is assumed that this is not the case. Both of
these conditions are subject to the possibility of opting out; meaning that through a suitable
agreement with their employer a worker may opt to have smaller break or rest periods. For
health and safety reasons however this behaviour is not to be encouraged, particularly not
for an extended period of time.
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3.2.2 Shift Structure
The Leicestershire force has made use of the same, very basic, shift structure for a great
many years and as such this is an area with great potential for adaptation in order to better
allow demand to be satisfied. In full accordance with the working time directive [41] officer
shift patterns are based around a 10 day structure; with 2 early shifts followed by 2 late shifts
then 2 night shifts and finally 4 rest days. This pattern does not hold indefinitely however
and there are regularly occurring spare shifts included within the staff roster that allow for
additional staff cover on anticipated busy days. The Local Police Officers (LPOs) are divided
into 5 shift groups labelled from A to E and these groups follow the same shift pattern with
a time based staggering to ensure officer availability for each shift type on any day of the
week. The basic pattern as employed by Leicestershire Constabulary is described in Figure
3.1; the figure illustrates the full 10 week cycle for each of the 5 shift groups all starting at
the same point in time. The reasoning for using 5 groups to distribute the available staff is
that it provides the simplest way of creating a recurring pattern from the 10 day structure
described.
Figure 3.1: Current standard Leicestershire Constabulary shift pattern.
E denotes an early shift, L a late shift, N a night shift and R a rest day.
This approach results in an average of 39.6 working hours per week when considered over
the entire shift pattern, falling well below the maximum allowable figure of 48 hours defined
in the working time directive [41]. In order to ensure that a minimum of 11 rest hours are
given between shifts the only transitions are from an early shift to a late shift and from a
late shift to a night shift; this usually provides 23 and 24 hours of rest respectively. It should
be noted that the specifics of each type of shift can vary depending on the weekday upon
which it falls; Table 3.1 details all such variations for the standard shift pattern.
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Table 3.1: Variation in shift properties based on day of the week
Shift Days Details
Early Sun− Thu 7am− 4pm
Early Fri− Sat 9am− 6pm
Late Mon− Thu 3pm−Midnight
Late Fri− Sat 5pm− 3am
Late Sun 4pm− 11pm
Night Mon− Sun 10pm− 7am
Therefore it is of interest to consider this standard shift pattern as a benchmark by which
any proposed adjustments and variations may be rated in their ability to allocate the staffing
resources available in order to better meet demand.
3.2.3 Incident Grading Policy
There are a very large amount of calls for service from the general public that occur within
the Leicestershire Policing region; 519043 such incidents occurred Countywide in the 87 week
period from April 1st 2007 to November 30th 2008. These will fall into 4 grades based on the
immediacy with which an officer will need to respond to the incident.
Firstly there are Grade 1 incidents, also known within Leicestershire Constabulary as emer-
gency contacts. These are incidents that will result in an immediate Police response with
the intention of officer arrival within 15 minutes of the Police being made aware; indeed a
Countywide target has been set to arrive within this time for at least 85% of such incidents.
Emergency contacts cover a wide range of circumstances and include situations in which an
incident being reported contains, or is likely to contain, risk of the following factors:
• Danger to life,
• Use, or immediate threat of use, of violence,
• Serious injury to a person,
• Serious damage to property.
Further in cases relating to alleged criminal conduct an incident will be classified as an
emergency contact for these reasons:
• The crime is, or is likely to be serious and in progress,
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• An offender has been disturbed at the scene,
• An offender has been detained and poses, or is likely to pose, a risk to other people.
Finally traffic incidents requiring the attendance of policing staff may also be classified as
emergency contacts if either of the following criteria are filled:
• It involves or is likely to involve serious personal injury,
• The road is blocked or there is a dangerous or excessive build up of traffic.
Secondly in the grading system are Grade 2, priority response, incidents. Again these have
a targeted officer response period, this time set at 60 minutes, and a County objective of
80% attendance of such incidents within this time. Grade 2 incidents are considered those
for which any of the following statements are applicable:
• There is genuine concern for somebody’s’ safety,
• An offender has been detained but poses no risk to others,
• A witness or other evidence is likely to be lost,
• At a road collision, there are injuries or a serious obstruction,
• A person involved is suffering extreme distress or is otherwise deemed to be extremely
vulnerable,
• Force policy dictates a priority response (e.g. distraction burglary),
• Hate crime.
Next are Grade 3, or scheduled response, incidents. These are those in which a rapid or
immediate Police presence is not necessary and it would be more suitable to arrange a time
with the individual reporting the incident at which suitable action could be undertaken. The
only reason given on the Leicestershire Police incident grading policy for which this may be
the case is that the response time is not critical in apprehending offenders. These incidents
may be resolved either through an officer visiting the reporting individual at a convenient
time or the individual themselves visiting their local Police station in order to further the
report. For example this could be the result of a reported vandalism where the witness would
like to provide a statement however they are currently unavailable to do so; thus appointing
a later time for this to happen.
The final category is that for Grade 4 incidents which are accomplished through resolution
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without deployment. The grading policy states that resolution without deployment is ap-
propriate where the needs of the caller can be adequately met through telephone advice or
Service Delivery Desk intervention, through access to the Force and National Frequently
Asked Questions databases, the involvement of another more appropriate agency or service
or through some other method.
For the purposes of this research, primary focus has been upon the grade 1 and 2 incident
demand as these are the incidents that require swift or immediate response by major front-
line Police officers. The impact of grade 3 incidents is considered, however incidents of this
grade may be scheduled for response at times to suit both the involved individual and a
Police staff member.
3.2.4 Demand on LPOs (Local Police Officers)
3.2.4.1 Definition of Demand The demand on Local Police Officers (LPOs) is com-
piled from a number of factors, however the primary part of the service they deliver (and
indeed the one that their performance is most strongly assessed upon) is that of response to
calls for service from the general public. Records of these calls are maintained by the Police
Call Management Centre (CMC) and contain a wealth of information describing many key
features of every incident. This is certainly an important task as an accurate and reliable
recorded history may be crucial for reference at a later date both for internal Police purposes
and for use in a court of law. As an example of the numbers of such calls for service received,
Table 3.2 contains demonstrative example hourly figures for the total amount of grade 1 to
3 calls received that result in incidents within a specified region of Leicestershire over the
period from April 1st 2007 to November 30th 2008. These are categorized by hour of the day
so, for example, between the times of 07:00 and 07:59 on a Sunday there were recorded a
total of 57 incidents; each column is headed by a value that indicates the hour of each day
in which incidents occur.
These 3 grades of incident are all those that will require some type of response from Police
staff. Thus considering this data it is possible to build up at the least a simplistic view of
demand that may outline a general pattern within the demand experienced by LPO staff.
Clearly however the time at which a call is received will not always be precisely the same as
that at which a Police unit is assigned in order to resolve it; this is especially true of grade
3 incidents where an appointment is scheduled to allow for resolution at a convenient time.
This highlights the 2 overall types of incident based demand experienced by LPOs, respon-
sive demand that is typically composed of grade 1 and 2 incidents and scheduled demand
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Table 3.2: Total amount of Grade 1-3 incidents occurring in the CB region over the period from
01-04-07 to 30-11-08.
Day 00 01 02 03 04 05 06 07 08 09 10 11
Sun 242 213 188 121 90 75 46 57 77 119 136 186
Mon 179 89 78 36 33 33 43 68 117 182 177 203
Tue 155 112 75 62 29 34 41 63 125 156 188 181
Wed 123 108 77 52 29 34 30 68 121 167 178 217
Thu 148 93 66 60 32 34 32 62 118 178 167 205
Fri 166 95 77 58 38 30 43 75 95 162 173 214
Sat 285 214 149 139 98 71 52 52 107 124 173 196
Day 12 13 14 15 16 17 18 19 20 21 22 23
Sun 196 239 270 309 270 313 312 355 303 290 231 207
Mon 189 220 268 282 301 361 375 375 342 286 236 215
Tue 209 243 231 274 309 358 357 353 360 259 279 227
Wed 193 219 254 272 266 328 350 386 339 281 282 185
Thu 222 214 228 257 315 309 318 352 344 282 242 194
Fri 172 203 210 268 299 325 359 382 381 354 379 367
Sat 217 227 220 280 293 284 288 308 348 328 285 323
mainly comprised of grade 3 incident resolution.
It is possible to look further into the particular types of incident occurring within each grade
by considering the categorizations employed by Leicestershire Police in incident definition.
A series of 5 major categories are defined, with incidents each being allocated to one of them
at the initial point of contact between a Police call management centre staff member and the
reporting member of the public. These 5 categories are anti-social behaviour, crime, public
safety, road related and other.
3.2.4.2 Influence from Recent Demand Considering only the amount of incidents
historically occurring within a given period of time will not be capable of rendering a truly
accurate representation of demand. Indeed every incident that occurs will require the atten-
dance of at least 1 Police officer for an amount of time that will vary widely based on its
nature and severity. An emergency Road Traffic Collision (RTC) for example will require
at least 2 officers; 1 of these will ensure safety by closing roads, redirecting traffic, etc. and
the other will deal with the scene itself. Depending on the severity of this type of incident
even more staff could be required and the amount of time they are needed could be very
high, taking several hours to fully resolve. In contrast a scheduled appointment in order to
record a victim statement for a burglary offence could only need the attendance of a single
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officer for just 1 hour. To aid in illustration of this Table 3.3 describes the average times in
hours and minutes that it takes for response to and resolution of incidents within each of the
3 Basic Command Units (North, South and City BCUs) and over the County as a whole.
Also mentioned are the total number of incidents that were considered in generation of the
average time figures; this data being drawn from a time period of 3 full calendar months.
Table 3.3: Average incident ’assigned to released’ times based on BCU and grade.
Leicestershire Police maintain a record of all incidents attended by LPO staff on the com-
puterized system called OIS; within this system logs are kept of, amongst much other data,
the starting time and ending time of each incident. Using this data it is possible to define an
’assigned to released’ time, this being the amount of time that passes between assignation
of an officer to an incident and their future release from it upon resolution. Note it is also
possible for an officer to be released before complete incident resolution; this may happen for
a few reasons, for example the occurrence of a higher priority emergency incident or reclas-
sification of the incident to a lower priority. The average ’assigned to released’ time does not
vary a great deal across the Leicestershire BCUs or even across the individual LPUs, which
is contrary to what may have been anticipated due to the logistic differences between LPUs;
in particular differences that would be thought to occur between urban and rural areas. This
is shown in the average incident ’assigned to released’ times within Table 3.3.
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3.2.4.3 Double Crewing It is possible that more than 1 officer may work together as a
single policing unit for the duration of their shift; within Leicestershire Police this practice is
known as double crewing. This may be represented by a reduction in the resources available
for use in order to meet demand or equally it can instead be simulated through appropriate
scaling of demand figures themselves. For example consider a situation in which there are
3 incidents requiring Police attendance at a single moment in time and that there are 5
officers available, working with 2 paired and 1 single; this is then equivalent to having 3
units available for these 3 incidents, 2 of the units being double crewed and 1 being single
crewed. Similarly considering again that 3 incidents require Police attendance and that the
ratio of double to single crewed units is known, for example 2:1 (representing 2 double crewed
units for each single crewed), it is possible to estimate the required number of staff officers
that would be required to meet demand using this crewing policy ratio. This is achieved
by constructing first a suitable factor and then multiplying it by the number of incidents
needing attendance. The suitable factor for this 2:1 example would be 1.667 and is calculated
as follows:
factor = 1 +
double
(double+ single)
(3.1)
Essentially then the fraction gives a value representing the chance that an incident will be
attended by a double crewed unit. So in the 2:1 example, the chance of incident attendance
by a double crewed unit is equal to 2
(2+1)
or 0.667. Adding 1 to the factor is then suitable
to create a multiplying factor that will scale demand values to indicate the number of staff
members required using a given double crewing structure.
3.2.4.4 Directed Action Policing This form of policing includes other demands on
LPO time that are caused not from incidents received from calls by the general public
but instead from active policing, such as National Intelligence Model (NIM) tasking and
reassurance patrols. Due to the variability in the assigned levels of these duties between
different LPUs it would be expected that demand due to such policing would be subject to a
great amount of variations from region to region. Indeed there would be anticipated not only
different approaches to directed action policing undertaken by each LPU but also varying
expectations of it. Further such demand will vary in order to take into account special events
such as national holidays and major public or sporting events held locally. Fortunately such
demand is entirely predictable and indeed is generated as a result of planning and preparation
by Police staff officers, hence this is not considered necessary for quantification within this
research.
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3.2.4.5 Custodial Incidents Of the incidents attended by Police officers many will re-
sult in the arrest of an individual or group of offenders. When this happens the arresting
officers will be engaged with the processing of resulting arrestees through the custody proce-
dure. The first stage of this process involves the arresting officer in transporting their charge
to the nearest available custody suite. In some cases this will be part of the local Police
station site; however in others they must instead travel a fair distance across the County in
order to reach the nearest suitable site. Upon arrival at the custody suite the officer and
offender will enter a queue, waiting to be processed by custody staff; the length of time
spent waiting will vary depending on how busy the suite is and how many others are waiting
in the same queue. After leaving this queue the arrestee will be signed in and recorded
as becoming a guest of the suite; part of this signing in process involves the completion of
paperwork which, with a compliant arrestee, will take approximately 20 minutes. Depending
on the nature of the incident resulting in arrest a drug or alcohol test (or even both) may
be required. Primarily this is to ensure an accurate record which can later be quoted in a
court of law where necessary; a list of offences for which this will be necessary is included in
Figure 3.2. If not previously recorded it will then be required to both fingerprint and take
a DNA sample of the offender; this process will in the best case take a further 30 minutes.
After completion of each of these steps, the arrestee will finally be signed over to the custody
suite releasing the attending Police officer back to active duty.
Theft Fraud
Begging Attempted theft
Attempted fraud Persistent begging
Robbery Possession of article for use in fraud
Production of Class A Attempted robbery
Supplying articles for use in fraud Supply of Class A
Burglary Handling stolen goods
Possession of Class A Attempted Burglary
Attempted handling stolen goods Possession of Class A to supply
Aggravated Burglary Taking without owner’s consent
Arrest on Inspector’s authority Aggravated vehicle taking
Equipped to commit offence
Figure 3.2: List of offences for which drug and alcohol tests are required (sourced from DT1 record
form).
Conjectural estimates of the total amount of time required to deal with a custodial incident
vary widely across Leicestershire Constabulary; brief questioning with 8 officers (4 working
in custody suites and 4 LPOs) provided a wide range from 3 hours to 9 hours with an av-
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erage estimate of 5 hours. Indeed it is a fairly common assumption that an officer will be
occupied for the remainder of their shift if they are required to deal with the transport and
handling of an arrestee. From this it is possible that an arrestee will still be undergoing
processing at the point in time that the shift of the supervising officer ends. When this
occurs it is necessary for a judgement call to be made on the part of the shift Sergeant in
command in order to decide either to authorize overtime for the currently attending officer
or instead to transfer supervision of the prisoner to a different officer. This act of arrestee
transference between officers at the end of a shift is known within the force as a handover.
Most commonly handovers will be the transference of an arrestee from an officer that is at
the end of their designated shift to another officer that is just starting their shift.
As an example of the scale of arrests from incidents that will be expected to occur within
any given day, Figure 3.2 contains values describing the total amount of incidents recorded
on the Police computer system OIS over the 87 week period from April 1st 2007 to Novem-
ber 30th 2008; with Table 3.4 separately containing those that resulted in an arrest over
the same period. The data for both of these figures are taken from the same policing region
allowing them to be compared; for example then, of the 57 incidents occurring between 07:00
and 07:59 on a Sunday, 4 were seen to result in an arrest. These figures may be used to
calculate, for each hour of the day and day of the week, the percentage of incidents that
have historically resulted in an arrest giving a guideline for anticipated future arrest rates.
Doing this provides an average of 3.901% of incidents resulting in an arrest with a standard
deviation of 2.281%, essentially meaning that it would be expected for future arrest rates
to vary somewhere between approximately 2% and 6%. The maximum experienced rate of
arrests within this period is 14.706%; though individually this is a statistically significant
large value (when considering a 95% confidence interval hypothesis test) there are not enough
other such significant values occurring with any pattern that could suggest an underlying
structure to their appearance.
There is however the suggestion of a time period in which the percentage of arrests from
incidents is commonly far below the overall mean value, this being the time period between
16:00 and 21:00. This time period is illustrated within the table shown in Table 3.5 which
contains the percentage of incidents resulting in arrest by hour of the day and day of the
week in which they occur. Indeed even within this indicated range there is still a single
point at which arrest rates are significantly greater than the average, though with this only
occurring for 1 out of 42 points of data it could be considered to be an anomalous point.
This potentially commonly occurring period of decreased arrest incidence warrants further
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Table 3.4: Total amount of live incident arrests occurring in the CB region over the period from
01-04-07 to 30-11-08.
Day 00 01 02 03 04 05 06 07 08 09 10 11
Sun 13 10 12 5 7 10 4 4 4 4 4 6
Mon 13 3 4 1 1 1 0 0 2 4 3 10
Tue 11 4 1 3 2 5 2 2 7 5 9 8
Wed 5 8 3 2 2 0 1 3 6 3 4 13
Thu 5 6 7 2 1 1 0 1 7 6 4 5
Fri 12 8 4 5 3 2 4 4 3 3 4 4
Sat 10 14 7 11 6 1 3 1 2 4 4 4
Day 12 13 14 15 16 17 18 19 20 21 22 23
Sun 11 3 6 7 0 9 6 4 5 10 17 11
Mon 9 10 8 6 7 11 6 11 7 7 10 14
Tue 6 5 3 9 11 17 15 10 4 6 9 10
Wed 10 4 9 10 6 10 11 3 7 9 11 7
Thu 7 16 15 9 9 12 8 11 7 11 13 10
Fri 8 5 6 3 11 9 4 14 8 11 9 11
Sat 9 8 9 9 9 10 6 7 6 12 14 20
investigation and accordingly its appearance in data compiled from the other policing regions
should be investigated.
Table 3.6 describes the total significant variations seen in custodial incident occurrence per
LPU both as a number of significant data points seen (#Sig.) and as a percentage (%Sig.).
Unfortunately, as illustrated by the table, this region of significant low arrest rates is only
present within the CB policing region and indeed the next fewest number of large valued
points within the same time period is 4; this equating to 9.52% of the dataset. It is however
plausible that there is some distinct difference in the CB region as opposed to the other LPUs
which may cause this behaviour to be apparent only in that area. In considering creation
of a model or other application to suit a general case, it should be considered most suitable
to ignore the presence of such a low custodial incident rate region; instead taking the more
commonly represented situation wherein the rate of incidents resulting in arrest fluctuates a
small amount around a fixed value.
3.2.4.6 Administrative Demand A study on the work of LPOs conducted by Richard
Ashton, a former technical management manager at the International Association of Chiefs
of Police (IACP) Division of State and Provincial Police, has suggested that the average LPO
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Table 3.5: Total amount of live incident arrests occurring in the CB region over the period from
01-04-07 to 30-11-08.
Day 00 01 02 03 04 05 06 07
Sun 5.37% 4.69% 6.38% 4.13% 7.78% 13.33% 8.70% 7.02%
Mon 7.26% 3.37% 5.13% 2.78% 3.03% 3.03% 0.00% 0.00%
Tue 7.10% 3.57% 1.33% 4.84% 6.90% 14.71% 4.88% 3.17%
Wed 4.07% 7.41% 3.90% 3.85% 6.90% 0.00% 3.33% 4.41%
Thu 3.38% 6.45% 10.61% 3.33% 3.13% 2.94% 0.00% 1.61%
Fri 7.23% 8.42% 5.19% 8.62% 7.89% 6.67% 9.30% 5.33%
Sat 3.51% 6.54% 4.70% 7.91% 6.12% 1.41% 5.77% 1.92%
Day 08 09 10 11 12 13 14 15
Sun 5.19% 3.36% 2.94% 3.23% 6.12% 5.44% 5.19% 4.85%
Mon 1.71% 2.20% 1.69% 3.23% 5.82% 1.36% 2.24% 2.48%
Tue 5.60% 3.21% 4.79% 4.42% 4.31% 4.12% 3.46% 2.19%
Wed 4.96% 1.80% 2.25% 5.99% 3.11% 2.28% 1.18% 3.31%
Thu 5.93% 3.37% 2.40% 2.44% 4.50% 1.87% 3.95% 3.89%
Fri 3.16% 1.85% 2.31% 1.87% 4.07% 7.88% 7.14% 3.36%
Sat 1.87% 3.23% 2.31% 2.04% 3.69% 2.20% 2.73% 1.07%
Day 16 17 18 19 20 21 22 23
Sun 5.93% 5.43% 5.77% 5.35% 6.60% 7.24% 9.52% 11.11%
Mon 0.00% 2.49% 1.60% 1.07% 1.46% 3.50% 7.20% 5.12%
Tue 2.27% 3.07% 1.68% 3.12% 1.94% 2.70% 3.58% 6.17%
Wed 4.14% 5.18% 4.29% 2.59% 1.18% 2.14% 3.19% 5.41%
Thu 1.90% 3.24% 3.46% 0.85% 2.03% 3.19% 4.55% 3.61%
Fri 3.01% 3.69% 2.23% 2.88% 1.84% 3.11% 3.43% 2.72%
Sat 3.75% 3.17% 1.39% 4.55% 2.30% 3.35% 3.16% 3.41%
Table 3.6: Significant custodial incident occurrences for each LPU.
LPU # Sig. % Sig.
CB 1 2.38%
CH 5 11.90%
CK 6 14.29%
CM 14 33.33%
CN 5 11.90%
CW 4 9.52%
LPU # Sig. % Sig.
NH 9 21.43%
NL 6 14.29%
NM 11 26.19%
NR 9 21.46%
NW 4 9.52%
LPU # Sig. % Sig.
SB 4 9.52%
SH 6 14.29%
SM 6 14.29%
SW 12 28.57%
will spend up to 40% of their shift partaking in administrative duties. This is however noted
to include meal and toilet breaks in addition to what may be considered active working time
such as attending briefings and carrying out paperwork. In addition to this it is concluded
that 27% of an LPOs time will be spent travelling; though it is worth noting that this time
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will be composed for the most part of travel both to and from incident sites. Important
to note is that incidents attended by LPOs recorded within the Police data system OIS
will include not only the travelling time to an incident but indeed should also contain the
majority of administrative paperwork associated with the same incident. In practice there
are concerns that officers will sometimes be released from an incident and thus viewed as
an available resource for redeployment whilst there is still incomplete paperwork remain-
ing; policy dictates that an officer is only to be released upon completion of all associated
paperwork.
3.2.4.7 Abstractions The Police business is no different from any other profession in
that it carries with it the additional factor of staff abstraction. Such abstractions can be
due to a large variety of things and may also be seen to last for practically any length of
time. Due to this it is common practice for a business to identify a series of key abstraction
categories which may be used in order to aid in the regulation of such events. Leicestershire
Police make use of 2 major categories which are defined around the anticipated duration of
an abstraction. These are Tier 1 abstractions which may last anything up to 28 days and
Tier 2 abstractions which are defined as being of at least 28 days in duration.
One of the most frequently occurring causes for abstraction is sickness. This is a very broad
category and may fall under either the heading of Tier 1 or Tier 2 and will depend on
the particular circumstances; for example a case of flu may only last a few days or weeks
whereas a serious injury followed by rehabilitation could last for several months. Indeed,
cases of major injury may result in the involved officer becoming unable to return to active
front line policing due to elevated risk of further injury or an inability to safely perform their
prior duties. It is common practice in situations such as these to reassign the injured officer
to a desk based role that makes use of their particular knowledge and skills.
Less common but still an important abstraction to consider is that from maternity and
paternity leave, these affect nearly every industry and the Police business is no exception.
The West Midlands Police Federation provide a guideline to aid in appropriate time being
provided for maternity leave and state that up to 15 months should be available to be taken
by an individual; this is further defined by allowing no more than 6 months to be taken before
and 12 months taken after the due date of the infant. This length of time is a considerable
amount for even a single officer to be made unavailable. Additional complexity is added
through the fact that the individual may elect to return to their position upon the end of
leave, making the long term employment of a replacement to fill the role in their absence
much harder.
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In addition to these, there is also abstraction from work due to annual leave which may
total up to 28 days for each member of staff within the Police force. Such leave is however
only granted through suitable application on an individual basis and may indeed be refused
in some cases if resulting staffing levels would be deemed as too low. This is particularly
common around the Christmas and other major holiday periods as many staff members will
seek to obtain leave for this highly desirable time. However the Police business must always
be functioning and it is impossible to allow all staff to take national holidays as leave; it has
actually been claimed conjecturally by many members of Police staff that national holidays
may commonly see elevated levels of demand and as such would require more staff than
usual. Special events such as sporting fixtures and local events also commonly fall on days
at which it is desirable for applications for annual leave; indeed the event itself may be the
cause of high desirability. These days would also be anticipated to require elevated staffing
levels and could thus also result in the refusal of annual leave requests. Indeed, because
of certain events Leicestershire Police have been seen to state that no annual leave will be
accepted for particular dates well in advance of their occurrence.
To help staff planners in estimating the amount of staff that should be expected to be
abstracted at any one time an international standard of 70% attendance is assumed. This
would mean that, for example, if it were desired that 7 staff members be on duty for any
particular shift then planning personnel should assign 10 members under the assumption
that up to 3 of them may be abstracted. Of course true abstraction levels will vary but the
estimated 70% attendance rate is intended to provide a worst case scenario and it should be
very rarely seen that true attendance levels fall below this.
3.2.5 Summary
The key factors affecting demand that have been identified within this section are:
• The rate at which incidents occur.
• The amount of time required in order to fully resolve an incident.
• Type and grade (or severity) of each occurring incident.
• A double crewing provision.
• Arrests resulting from live incidents.
• Any additional administrative time required to resolve an incident.
• Staff abstractions from rostered duties.
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How each of these factors have been considered within both the original and newly developed
incident profiling softwares will be discussed in the following sections.
3.3 Police Incident Profiling Software
Within this section an overview of the original Police demand profiling software will be
given, detailing all key factors that are used within it to compile an image of the demand
experienced by a Local Police Officer (LPO). This original was created as an in-house piece
of software within Leicestershire Police force; all further work, research and development
was conducted separately as part of this research. Weaknesses of this profiler are discussed;
with approaches taken towards resolution of these issues displayed through the description
of an improved demand profiling software. This improved software is currently made use of
within Leicestershire Constabulary to aid in the estimation of demand levels upon LPOs.
3.3.1 The Original Demand Profiler
The original piece of demand profiling software created by Christopher Newbold, a member
of Leicestershire Police staff, was designed as a Microsoft Excel spreadsheet collecting various
relevant forms of data to provide an overall image of the demand upon LPOs. This software
is well suited for use within the Police business as the Microsoft suite is widely available to
staff members within the organization; not only this but the Excel package demonstrates
much capability for use in this manner. Indeed it is a long process to follow in order to
allow a new piece of software to be made available for use on machines connected to the
Police internal network; it is effective to instead make best use of the software already freely
available.
3.3.1.1 Base Demand Data The basic data upon which the demand profiler is built is
generated from records of calls for service received by the Call Management Centre (CMC)
from the general public. These records will store, for every incident, a large amount of
important data; for example, the type of incident occurring, the collar numbers of attending
officers, specific incident resolution notes, etc. Of interest for the purposes of the demand
profiler however is the fact that these records will always contain the grade of an occurring
incident, the starting time of the incident and the final resolution time of the incident. With
these a basic image of demand from calls to service may be constructed as discussed in the
following sections; this may then be further enhanced by consideration of other factors (such
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as double crewing and custodial incidents) to create an estimate of staffing levels required
in order to meet total demand.
3.3.1.2 Time Segregation In order to construct a demand profile illustrating variation
in incident demand using the data it was necessary to segregate incidents based upon the
time of their occurrence. Initial work for the first Police demand profiler was conducted using
a segregation period length of one hour; as an example with this period length, any incident
occurring between 2:00am and 2:59am would be allocated to the 2am category. Figure 3.3
illustrates the result of this segregation for average levels of incidents requiring swift atten-
dance (those incidents of grade 1 or 2) over one Local Policing Unit (LPU) in Leicestershire.
In this illustration average hourly amounts of incidents requiring swift response are shown
for a Monday in the chosen region of Leicestershire. The call based demand represented in
this figure is shown to reach a minimum at around 6am in the day, slowly rising as the day
progresses and peaking in the region of 7pm to 10pm; this is precisely accordant with the
conjectural view of demand as understood by the average Police officer.
Figure 3.3: A histogram describing the average grade 1&2 incident levels occurring on a Monday
in a sample policing region.
To increase the accuracy of the model and thus also improve the ability to demonstrate
realistic demand profiles, it is necessary to further develop this concept through reduction
of the time segregation period. However it must also be considered that segregation period
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reductions beyond a certain point would yield only marginally better results but require a
much greater amount of time and effort in order to implement. Further, for particularly small
period lengths it would be expected that the resulting periodic demand figures could become
negligible and thus the potential to critically underestimate incident based demand could
be introduced. This is especially true for typically low crime areas where over-reduction
could feasibly predict that no incidents will occur at all. Changes to this are one of the key
factors that occur within later stages of development of Police demand profiling software,
resulting in a higher resolution image of demand. Within this first profiler however the time
segregation period is fixed at 1 hour in length.
This segregation of the incident data recorded from calls to service by the general public is
used to provide the base foundation from which the view of demand is constructed in the
Police demand profiling tool. Other factors considered will cause adjustment to this either
through manipulation of the base demand itself or through addition of independent demand
from other sources. The factors of ‘influence from recent demand’ and ‘double crewing’ are
both cases of base demand level manipulation; whereas ‘directed action policing’, ‘custody
factor’ and ‘administrative factor’ are all examples of supplementary independent demand.
How each of these demand influencing attributes are taken into account within the first
Police demand profiler will be described and discussed individually.
3.3.1.3 Influence from Recent Demand With the historically recorded incident data
categorized both by day of the week and by hour of the day the resulting representation
shows only the volume of incidents that start in each hour. To truly represent the demand
that is borne from these incidents it is important to also take into account the duration of
each incident.
Primary focus was initially placed upon incidents requiring immediate or swift response
(those being incidents of grades 1 and 2 respectively) and as such only the incidents in those
categories were considered to contribute towards demand on an LPO. Using the data shown
in Figure 3.3 it was decided that the average resolution time of 1 hour and 41 minutes for all
incidents of grades 1 and 2 across the entire County would provide a useful guideline figure.
However as the first demand profiler could only use incident lengths of some integer number
of hours it was necessary to round this up to 2 full hours. This means that for each incident
needing swift or immediate attendance that occurs, 2 full hours will be assigned within the
profiler for it to be considered resolved. The potential for overestimation of demand due to
this is quite high; increasing the resolution times for each incident from the average of 1 hour
41 minutes up to a full 2 hours represents an increase in the volume of demand by 18.8%.
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3.3.1.4 Double Crewing The demand profiling tool incorporates a double crewing fea-
ture capable of simulating the effects that such staff allocation will have. In the initial model
a simplified mechanism has been implemented whereby double crewing is considered to be
either on or off, meaning that either all officers are double crewed or all are single crewed.
This is accomplished in the model through use of a double crewing factor by which all other
demand is multiplied. In the basic form used in the first Police demand profiler the double
crewing factor is set to a value of either 1 or 2 in order to represent single or double crewing
respectively. This value is adjustable based on hour of the day and day of the week, thus
select time periods may be identified as double crewed with all others being single crewed.
3.3.1.5 Custodial Incidents Within the original demand profiler version the custodial
factor is applied in a similar way to that for the basic incident demand; hourly figures for
occurring arrests are added directly to demand and are given relevance for a duration of
3 hours. This means that any incident resulting in an arrest will effectively add 3 hours
to the resolution time for that incident within the demand profiler. The figure of 3 hours
was derived primarily from conjectural evidence and consultation with informed members
of Police staff. It is thus highly possible that improvements to accuracy and realism could
result from development through a more detailed investigation of the custody process with
respect to LPO attendance requirement.
The data used to indicate arrest occurrence levels for this factor is taken from records of
arrests from live incidents; this meaning incident reports that are finalized using any of the
closing tags used to indicate an arrest. Due to the nature of such incidents, they often occur
infrequently and it is fairly common that within any chosen hour the historical average will
be less than 1 incident. Because of this the original demand profiler made use of a boundary
value at which rounding up occurs in order to ensure that custodial effects are not ignored.
Within the original demand profiler this boundary value was set to be 0.09 incidents; this
figure was chosen in order to demonstrate model functionality and with no scientific reasoning
or other justification. Clearly then this is of great concern when considering validity of the
model and the accuracy of custody factor representation within it; such a high degree of
rounding would be expected to greatly overestimate the effects of custodial incidents in
some cases. Table 3.7 displays the average recorded hourly incident levels as used within the
original demand profiler both over an individual LPU (a) and the County as a whole (b).
It is seen from the information displayed in Table 3.7 that at the single LPU level (a) it
is a very common event that average arrest levels are lower than 1 per hour. With the
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Table 3.7: Average custody levels experienced hourly between noon and midnight for a single LPU
(a) and the entire Leicestershire County (b).
demand profiler rounding any of these values which are higher than 0.09 up to 1 there can
be seen great potential for overestimation; indeed for the LPU data shown this rounding
would increase the total average arrests seen from 22.2 up to 82, an increase of 269.4%. This
is a very large increase of the demand due to arrests experienced when the profiler is used to
model a single LPU; the Countywide figures however are subject to no such rounding issues
as all values are greater than 0.09.
3.3.1.6 Administrative Factor Considering the work study conducted by Richard
Ashton and the resulting figure of 40% time spent daily on administrative duties, a fac-
tor was created for the Police demand profiler to show officer unavailability due to such
duties. It was considered that some of this 40% would be constructively spent as part of
the workload of an LPO. Indeed as the base demand type data is sourced from the record
of incidents generated from calls to service by the general public it should be expected that
some administrative work is already contained within this data. To clarify, as described in
Section 3.3.1.3, the basic data takes account of the length of time between assignment and
future release of Police staff members from an incident. This period of time will include
that required to resolve all paperwork related to the incident itself; thus taking the whole
40% value would result in this segment of administrative duties being added to a resulting
profile twice. With this in mind the administrative factor was set to a value of 25% for the
original version of the demand profiling tool. This means that at any point in time it would
be expected that 1 in 4 officers would be engaged with some type of administrative duty and
as such would be unable to respond to a newly occurring incident.
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Further investigation of the accuracy of this assumption has been considered and could in-
volve repeating the work of Richard Ashton, with particular attention paid towards how this
administrative factor breaks down with respect to ‘working administrative’ and ‘non-working
administrative’ time. An alternative option would be to conduct a survey of willing LPOs
in order to obtain perceived time spent on administrative duties. Though the survey would
be expected to provide results of lower accuracy than a work study it does have the benefit
of yielding a large amount of useful data requiring less effort and in a much shorter period
of time.
Indeed many changes to this figure could have been expected as other initiatives already
underway come into action. For example, the work on mobile data currently in progress
will allow many administrative duties to be performed by officers on site; this will reduce
not only administrative time but will also alleviate the need for an officer to return to the
station between incidents and thus reduce time spent travelling. However it was found that
administrative time should already be taken into account within the type of demand data
used and as such demand enhancement due to administrative duty was removed from the
profiler. The base demand data upon which a profile is based considers the length of each
incident to be the amount of time from which it is assigned to an officer to the point at which
the same officer is released and free for other duties. This time should include the conduction
of all administrative duties (paperwork, travelling, etc.) associated with an incident.
3.3.1.7 Abstractions Internationally a standard attendance rate figure of 70% is as-
sumed within most businesses or organizations when considering staffing allocations. This
means that out of every 10 staff members that are assigned to work any given shift, only 7
are anticipated to actually attend work.
The original demand profiler makes use of this figure by considering a series of user input
staffing levels to cover the time period of interest and then reducing these by 30% to sim-
ulate losses due to abstraction. By considering both the planned number of staff members
and this reduced level it would be anticipated that the true staff attendance level should
lie somewhere between the two. Figure 3.4 illustrates how this data is recorded within the
demand profiler itself.
The user enters a series of values into the upper 3 white numeric boxes to indicate how many
staff members they are allocating to each of the 3 shift categories; these early, late and night
categories are defined bands of time within which a shift may start to be classified as one of
the 3 types. The profiler then simply reduces this amount by 30% to provide the user with
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Figure 3.4: Shift size user input boxes and calculated staff after abstraction within the original
profiler.
the number of staff they should anticipate as available in each of the shift categories in the
grey numeric boxes. Within the original profiler there are 7 sets of these boxes to cater for
each of the days of the week individually.
3.3.1.8 Shift Selection The levels of staff available within each of the categories early,
late and night are then distributed by the user as they see fit across a variety of potential shift
starting times. Times available within the original demand profiler are fixed and are based
upon those suggested with the proposition of staggering shift starting times to better allow
LPO staff to meet demands made upon them. Traditionally the standard LPO shift pattern
will be formed by following the pattern of 2 early shifts, followed by 2 late shifts, then 2
night shifts and finally 4 rest days. In general each of the 3 shift types has a fixed start time,
the demand profiler has a selection of times around these available for staff reallocation; the
standard starts are 7am for an early shift, 3pm for a late shift and 10pm for a night shift.
The original demand profiler makes use of the following 9 possible shift start times for each
day of the week:
• Early Shifts: 7am, 9am, 11am
• Late Shifts: 1pm, 3pm, 5pm
• Night Shifts: 6pm, 8pm, 10pm
3.3.1.9 Compiling Demand All of the aforementioned information is collected together
and used to calculate for every hour of a calendar week, what the average expected level of
demand should be. This begins by first considering the total number of incidents of either
grade 1 or 2 that will occur within each hour of the week; this is simple to calculate using the
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available historical records of incidents maintained by the Call Management Centre (CMC).
Data is obtainable for the total number of incidents occurring for each hour of each day of
the week historically, however this total will be for all days of the same type. For example,
the total for Monday between 1:00am and 1:59am will be the total number of incidents
between those times for all Mondays within the period covered by the dataset. To obtain an
average from this then it is a simple matter of dividing the total figure given by the number
of times that the appropriate day features in the dataset. Table 3.8 provides an example of
this, displaying the total and average numbers of incidents occurring in a series of 1 hour
periods on Sundays in a target region across a 153 week period. For example, over the entire
153 week period considered a total of 28 incidents were seen to occur on Sundays between
07:00 and 7:59; division of this by the number of weeks (153) provides an average incident
occurrence rate of 0.183 for this time period on a Sunday.
Table 3.8: Total and average occurring incidents in an example region over a 153 week period.
Grade 07:00 08:00 09:00 10:00 11:00 12:00
1 28 26 20 28 27 23
TOTAL 2 70 65 81 80 76 75
3 22 20 27 39 28 41
1 0.183 0.170 0.131 0.183 0.176 0.150
AVERAGE 2 0.458 0.425 0.529 0.523 0.497 0.490
3 0.144 0.131 0.176 0.255 0.183 0.268
With the average number of incidents per hour requiring attendance of LPO staff now
calculated it is important to consider the influence from other recent demand. This is borne
from the amount of time that will be required in order to resolve each incident individually.
As described within Section 3.3.1.3 it is assumed in this profiler that every incident will
require 2 hours in order to resolve. Thus every incident that occurs within one hour will be
marked as ongoing into the following hour where it will still be contributing to demand. This
is illustrated in Table 3.9 wherein it is seen that the total incident demand for any hour is
the sum of the amount of incidents that initialize within the hour itself and those initializing
in the preceding hour; for example the total demand at 7am (0.96) is the sum of the newly
occurring incidents at 6am and 7am (0.38 and 0.58 respectively).
The double crewing factor is now considered, this is whether or not LPO staff will be double
crewed within vehicles or not; the effect of them being so will essentially double the number
of officers required in order to meet demand. Thus for every hour the total incident demand
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Table 3.9: Hourly base and total incident demand levels for a day in one policing region.
is doubled if staff for that hour are designated as double crewed. How this is recorded within
the demand profiler is illustrated in Table 3.10. The double crewing factor is recorded as
either the integer value 1 or 2 (to represent single and double crewing respectively) for each
hour and used as a multiplier of the total incident number in order to simulate the effect of
double crewing. Thus in Table 3.10 7:00am has a factor of 1 which indicates single crewing
and so the effective incidents are the same as the total incidents; 4:00am is marked as double
crewed with a factor of 2 and accordingly the effective incidents are seen to be twice that of
the total incidents from the previous step shown in Figure 3.9.
Table 3.10: Effects of the double crewing factor in the original demand profiler.
Custodial incidents are the next form of demand to be considered in the profiler and similarly
to the basic demand data these are first calculated by collecting historical data to generate
average rates of occurrence per hour. To consider the length of time that will be required in
order to resolve an arrest fully (taken in this profiler to be 3 hours) these averages are then
adjusted in a similar way as the base incident data when the influence from other recent
incidents is included. The difference is that the effective arrest carry over length is 3 hours
and not 2 as with the basic incidents. Thus the total number of custodial incidents occurring
within any hour will be the sum of those that begin in the current hour and those that began
in the preceding 2 hours. This total number of arrests per hour is then also multiplied by
the same double crewing factor as previously used; officers when paired will remain so for
the entirety of their shift in this model, so when a pair makes an arrest they are both needed
to follow through the entire arrest process.
Administrative duties are assessed by considering the factor described in Section 3.3.1.6
whereby it is assumed that 25% of an LPOs time will be spent on administrative duties that
remove them from the availability to respond to other calls for service. The first demand
profiler utilizes this by essentially stating that 25% of an allocated staffing level will be
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unavailable at any given time. This amount of staff that are essentially otherwise engaged is
recorded by an increase in demand levels and as such this results in demand being increased
at each hour of the day by 25% of the staff assigned to the same hours.
These last 3 forms of demand bearing data are all then directly added on top of the current
demand totals for each hour individually; this is represented within Table 3.11. The custody,
administration and other additional demand figures are all added to the effective incident
values from the previous stage of demand compilation. For example, at 4:00am there is
demand for 4 officers to resolve custodial incidents, 2 officers to carry out administrative
duties and 0 officers for other planned tasks; this raises total demand levels from 3.42 to
9.42.
Table 3.11: Compilation of additional demand factors in the original demand profiler.
3.3.1.10 Graphical Representation To provide the user with a visualization of the
supply and demand of resources a primary graphical output of the form illustrated in Figure
3.5 is given. Included upon this graph is the demand data for the associated day of the
week alongside several different staffing levels. These staffing levels represent 4 different staff
allocations; assigned staff on the standard shift pattern, assigned staff minus abstractions
on the standard pattern, a user input distribution of staff amongst staggered shifts and an
automatic distribution across the same shifts.
The lightly shaded area in Figure 3.5 represents the total calculated demand level for each
hour of the day. Time on the graph starting at the upper vertical axis marker labelled 7;
this represents 7am with time then progressing clockwise and increasing through the rest of
Monday and up to 6:59am on Tuesday. Thus the graphical representation for Monday will
cover the continuous time period from 7am Monday to 6:59am Tuesday. The outermost dark
line illustrates the total assigned numbers of staff members when allocated to the standard
LPO shift pattern; the dashed line represents the same but however takes into account the
industry standard 30% abstraction rate. The inner continuous dark line indicates the custom
staffing level input by the user, which in this example is showing slight reduction of staffing
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Figure 3.5: Sample graphical output of the original demand profiler software when used to simulate
demand on one policing region.
below maximum anticipated abstraction. Lastly the faint inner line shows the automatic
redistribution of staff performed by the profiler; this is accomplished by distributing available
staff as evenly as possible across all 9 of the available shifts. Figure 3.5 can be seen to
illustrate both an area in which overstaffing occurs with the standard shift pattern (between
3:00 and 15:00) and an area in which understaffing is seen (between 21:00 and 2:00).
Upon completion of full evaluation of the original demand profiling software it was sought
to create a new profiler also within Microsoft Excel; this new version should not only tackle
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any weaknesses identified in the original but also make use of any enhancements thought to
improve software capability.
3.3.2 Summary
Through this section a number of features catered for and factors used by the original profiler
have been identified, these are:
• Incident resolution time for all types and grades of incidents set to 2 hours.
• Double crewing must be applied to either all or none of staff.
• A series of pre-specified starting times and shift durations are provided.
• Staff abstractions are applied to input total staffing amounts.
• Time spent on administrative work is considered.
• Directed action policing and planned Police activities may be included.
Further, through initial investigation and validation work conducted as part of this research
upon the original incident profiler, a series of flaws were identified that could be resolved in
order to improve accuracy and performance. The flaws identified to be addressed in Section
3.4 are:
• High increase in predicted demand levels from rounding caused by large data segrega-
tion periods.
• Limited range of shifts available for staff redistribution attempts.
• High level of rounding present for occurrence rates of custodial incidents.
• Incident administration time is dependent upon staffing level and not incident amounts.
• Double crewing is set such that all units must be double crewed or all must be single
crewed for each individual shift.
• Abstraction rates are not strictly necessary in planning amount of staff required to
meet demand.
• The base data set used for historical incident and arrest occurrence rates only covers
a 5 month period.
• Staff entry is purely accomplished through user trial and error.
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In terms of tackling these flaws, three stages of development have been investigated:
• Stage 1. Validation and adjustment of demand modeller inputs and factors.
• Stage 2. Investigation of statistically expected elevated demand levels.
• Stage 3. Application of simulation and optimization.
3.4 Profiler Development Stage 1. Validation and Adjustment of
Inputs and Factors
3.4.1 Time Segregation
One of the greatest weaknesses within the original profiler was the high level of data rounding
occurring due to the segregation of data into hourly categories; this was shown to lead to
overestimation of demand both for the base incidents and for custodial incidents. In order
to compensate for this it was sought to reduce the length of each segregation period to an
appropriate value that would be capable of increasing the accuracy of final demand values
presented by the model.
To begin work towards this goal the first step was in recalculating the average incident
resolution times; this was necessary as the data set upon which these original results were
based was limited to only that from 5 calendar months. The newer results were instead
calculated using 12 months of recorded incident data such that average resolution times
from a full calendar year would now be made. The results of this work were to discover
that over an entire year the average resolution time for incidents of grades 1 and 2 was 71
minutes; average resolution time taken for grade 3 incidents was also calculated and seen to
be 101 minutes.
Ideally a selected segregation length will result in a situation whereby lengths of time close to
both these values of 71 and 101 minutes will be able to be used within the model. However
it should also be considered that over reduction of period lengths could be detrimental to
model accuracy; breaking incidents into a large amount of categories would result in a great
increase to the size of the data set and thus calculation times within the model for no
strong improvement to accuracy. Indeed with period lengths being particularly short there
is potential to underestimate demand levels due to the historical average number of incidents
occurring within these short periods being so small. Potentially this could also couple with
the inaccuracy due to rounding of custodial incidents within the original profiler causing a
marked unrealistic increase in the representation of demand.
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Following these considerations, a segregation period length of 15 minutes was decided upon
as capable of providing a suitably high resolution demand profile whilst also maintaining
the required levels of accuracy and realism. Further, this value also allows time periods
close to the target figures of 71 and 101 minutes to be constructed within the model; these
are made through considering 5 consecutive segregation periods, totalling 75 minutes and 7
segregation periods, totalling 105 minutes respectively.
3.4.2 Influence from Recent Demand
Following the adaption of the profiler and the data set upon which it is based to take account
of the new segregation period length resulted in a great reduction of the overestimation of
the influence from recent demand. The previous potential overestimation could reach up to
69.0%; this was reduced in the latest profiler to a maximum of 5.6%.
At this point it became of interest within the Police business to investigate the potential
effects that could be borne through consideration of a break down of the recorded grade 1 and
2 incidents into different categories; each category would then have its own average resolution
time for that type of incident. The 5 categories mirror the 5 major categories by which
incidents are grouped together within Police records; these being anti-social behaviour, crime,
public safety, road related incidents and other. Data within the profiler was then separated
into each of these 5 incident types and a new series of average resolution times were calculated
for each incident type and grade; the values are illustrated in Table 3.12 where the average
number of minutes spent attending each of these type and grade combinations is shown.
Note that these values are for only a select region of the County and are not representative
of the County average of 71 and 101 minutes quoted previously. So for example, a grade
1 public safety incident in the sample region shown in Table 3.12 will be assumed to take
41 minutes to resolve; using the segregation period of 15 minutes this will round up to 45
minutes. For each time period modelled the number of active grade 1 public safety incidents
will be equal to the sum of the number that start within that period and the number starting
within the previous 2 segregation periods.
3.4.3 Double Crewing
There is much scope for development within the application of the double crewing factor;
leading ideally to a more accurate and realistic representation of double crewing and its
effects on demand. Most immediately noticeable is the previously mentioned simplified way
in which the initial demand profiling tool accounts for this factor. In contrast to this approach
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Table 3.12: Average incident ’assigned to released’ times based on grade and incident type for a
sample policing region.
it is likely that at any time not all officers will be double crewed or single crewed and indeed
a mixture of both crewing types would be expected.
Due to the nature of double crewing it is also likely that staff allocations to it will vary greatly
between the differing LPUs; mostly this is because of different policing strategies to suit the
different environments. As such it would be necessary either to collect and continuously
update a database of suitable staffing levels or to provide capability for individual users to
themselves customize double crewing levels within the model. The best approach of these
two will depend on how the demand profiler is distributed by the Police force. If for example,
each station receives a copy of the tool tweaked to better suit their situation then it would
be of greater benefit for them to be able to adjust double crewing levels as appropriate to
their needs. Alternatively the decision may be made in which the profiling tool is used to
generate staffing patterns at a County or BCU level; this would require a constant flow of
necessary information from individual LPUs in order to work effectively.
The double crewing factor implemented within the first profiler was very simplistic and thus
in replacement for this, the final profiler makes use of an approach based upon the double
crewing factor described in Section 3.2.4.3; this factor is created using Equation 3.1.
3.4.4 Directed Action Policing
The factor of directed action policing as included within the original profiler was later decided
upon as not strictly necessary; mostly this being due to the fact that all such policing is
planned and arrangements for suitable staff will be made without the need for profiling.
Thus it was acceptable to remove this entirely from the later versions of the incident demand
profiling software in order to reduce file size and thus improve speed, even if only slightly.
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3.4.5 Custodial Incidents
The primary difference in the way in which custodial incidents are now represented in the
latest profiler is that no rounding up takes place of the basic average arrest level data at
all. Thus for any real value of such incidents occurring within a segregation period, that
will be the amount of custodial incidents that are assumed to happen. In the previous
version rounding up would occur for any average rate of higher than 0.09; for example then
the previous version would round 0.41 incidents up to 1 incident, the new version would
instead only consider 0.41 incidents. This should greatly reduce the overestimation in arrest
based demand that was shown to occur in Section 3.3.1.5 and provide a much more realistic
representation of this type of demand in the enhanced profiler.
The original assumption was that 3 hours of additional time would be necessary in order to
resolve any incident that resulted in an arrest. This figure was viewed by many Police staff
questioned as an underestimate and conjecturally it was suggested that a value closer to 8
or 9 hours would be more appropriate. Note that with such high values it would be possible
for an arrest to be ongoing past the end of a staff members’ shift; in this case it would be up
to a staff sergeant on duty to either authorize over time pay for the same officer to remain
in attendance or arrange for the arrestee to be handed over to a new officer to continue the
arrest process. Regardless of the decision made, the arrest will still require the attendance
of a single officer for its duration. An average of the recorded times taken requiring the
attendance of an LPO through the arrest process was calculated over all such incidents in
a calendar year with the result being approximately 7 hours. In light of this an option was
built in to the profiler such that a user may enter any length of additional custody time that
will occur in the case of an incident resulting in an arrest; the default value of this is set to
420 minutes, or 7 hours.
3.4.6 Administrative Factor
The approach to consider administration time within the first demand profiler is very weak
and succumbs to a vital flaw; namely that as staffing levels increase, so too does the amount
of administrative work required to be carried out. The effects of this are especially notable
when staff are set to be double crewed within the profiler; the elevated staffing level in order
to tackle demand greatly increases the amount of demand due to administration. Indeed the
opposite of this would be anticipated with double crewed units as the extra staff availability
at each incident site would be expected to reduce the amount of time required in order to
resolve any administrative work.
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The enhanced profiler removes this notion of administrative time and instead allows the user
the option to define figures representing additional administrative time that they estimate
will be necessary on top of the average incident resolution time in order to handle adminis-
trative duties. A copy of the table used to input this information is included in Table 3.13
where entries are available for each incident type within each incident grading group (G1,
G2, G3) to be allocated an integer value; this value would represent the additional time in
minutes taken to resolve that category of incident. Standard administrative work required
in order to resolve an incident should be included within the recorded ‘assigned to released’
times used in order to generate average incident durations; as such, the default values for
this table within the profiler are all set to 0.
Table 3.13: Administrative time entry table used in the latest demand profiler version.
3.4.7 Abstractions
Early within the development work it was suggested that instead of considering assignation
of an amount of staff and then reducing this amount to take account of abstractions, the
profiler should instead provide a guide for the minimum staffing level required in order to
meet all critical demands. This will mean that suggested staffing levels resulting from use of
the profiler would be directly comparable to the minimum cover levels currently employed
by Leicestershire Police. These minimum covers are the absolute minimum number of LPOs
that must attend each shift in order to provide the minimum acceptable quality of service
to the general public. Due to this it was decided to remove the effect of abstractions from
the profiler and thus to now create staffing levels which could be thought of as suggestions
for new minimum covers.
3.4.8 Shift Selection
To provide a much greater level of staff allocation and shift structure variation within the
profiler a new system was imposed whereby a user may define the starting time, duration
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and staffing allocation of up to 10 shifts for each day of the week. There is no set minimum
or maximum range that may be employed when creating shifts in the new profiler and indeed
this is useful in allowing representation of shorter part-time shifts. This is a strong contrast
to the capability of the first profiler in which 9 specific shift start times were set for each
day, with the only shift length variation allowance being the use of shifts of 8, 9 or 10 hours
in length. Critically with this set-up the original profiler is incapable of representing both
the working hours of some part time staff members and the commonly occurring use of
spare shifts within the Police organization. These spare shifts are used to staff small periods
within a calendar day in order to allow for extra cover to be available for specific events or
at other times when it is anticipated that there will be elevated demand on Police services.
To record the desired information within the latest profiling software, the user is presented
with a simple table in which they may define the details of each shift they wish to consider;
an example of this table is contained within Table 3.14.
Table 3.14: Custom shift definition table within the latest demand profiler version.
The user may define the amount of single and double crewed officers assigned to each of the
shifts. Spaces within the single and double crewing rows with blank values are equivalent to
having 0 values, it is simply easier to immediately read staffing figures without the additional
zeroes.
3.4.9 Incident Response Levels
Not all incidents will require the same level of LPO response with many types of incidents
commonly requiring 2 or more Police units in attendance for safe resolution. To allow for
this a new capability was introduced that will scale all incident demand by appropriate
factors to simulate the varied required incident attendance levels. An example of the user
input for this is included in Table 3.15; the numerical data contained within this table is
purely for demonstrative purposes and is not based on real collected information. To give
55
an example, consider that within any selected segregation period there are seen to be on
average 2.71 grade 1 anti-social behaviour incidents and 1.38 grade 1 road related incidents.
The multiplicative factor for grade 1 anti-social behaviours recorded in the table indicates
that only 1 unit will be required to attend each of them and thus this means total demand
of 2.71; the grade 1 road related incidents however would require 3 units to attend each
and as such the average value is tripled giving total demand from this incident type in the
segregation period of 4.14.
Table 3.15: Incident response level table used in the latest demand profiler version.
3.4.10 Graphical Representation
One common complaint with the original profiler was the complexity of the main graphical
display which was deemed unintuitive for the average user. Fortunately the decision to no
longer consider the effects of abstractions and instead to create a view of supply comparable
to that of the currently employed minimum cover levels allowed the removal of 2 of the supply
plots from the original graph; these being the total default assigned staff and the same staff
minus abstractions. Indeed as the latest profiler no longer automatically distributes staff in
the same way as the original it is also possible to remove the plot that was represented by
this previously. Thus there only remains a single plot for the user entered staff level and a
plot for the predicted demand level; this is illustrated by Figure 3.6.
On this graph the smaller red shaded region indicates the expected level of demand upon
resources that would be seen over the particular day and region in question whilst the larger
green shaded region demonstrates a staffing level as defined by user input shifts. This sug-
gests that there are enough staff members available to easily be able to meet all of the
expected demand, however the demand representation as shown is only the average value
expected when considering all historical data. It is thus important to also consider potential
variation within this demand as the average demand is only truly indicative of the maximum
demand that could be statistically expected to occur within 50% of cases.
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Figure 3.6: Sample graphical output of the final demand profiler software when used to simulate
demand on one policing region.
The green shaded region indicates supply of staff and the red shaded region describes expected
demand.
Of note however, the total expected amount of required officers is lower with the new method-
ology of calculation as used within this profiler in comparison to those given by the original
demand profiling tool. An example of this is shown in Table 3.16 where final estimated
demand values for several hours of the day within a selected policing region are shown for
both the original and enhanced profilers. With a high confidence in the validity of the
calculation used in order to create a profile of demand with the enhanced incident profiler
it may immediately be seen that the original profiler was providing an overestimation of
actual demand. Indeed for the data shown, the original profiler was predicting values on
average 54.83% larger that those from the enhanced profiler. This is of key importance as
it is apparent then that staffing considerations based upon the less accurate original profiler
would lead to overestimation of the required staffing costs for any attempts to match staffing
with demand. For example, consider only the shifts defined using the standard 2 − 2 − 2
shift pattern employed by Leicestershire Police for full calendar week over a City region data
based problem. The original profiler would suggest a requirement of 7560 staff hours to meet
all demand in this case in comparison to the 6426 staff hours suggested using the enhanced
profiler. As the larger value is due to a known series of overestimations, this is indicative
that the original profiler could lead to unnecessary over expenditure.
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Table 3.16: Estimated expected demand values for the original and enhanced incident demand
profilers.
Time 17:00 18:00 19:00 20:00
Original 19.24 20.16 21.30 20.84
Enhanced 12.13 13.44 13.85 13.26
3.5 Profiler Development Stage 2. Elevated Demand Level Esti-
mation
3.5.1 Elevated Demand Level Estimation
At this point of development, the incident profiler was capable only of evaluating the average
expected level of incident based demand for each segment of the overall time period in
question. It was therefore useful to simulate statistically elevated rates of incident occurrence
and to evaluate their impact upon total demand levels. In order to achieve this it was first
necessary to create a method by which elevated incident occurrence rates could be calculated.
The underlying process is by it’s nature a Poisson process and as such it would be naturally
considered to institute a Poisson distribution. However in the case of the data presented
within the incident profiler, non-integer values for historical incident occurrence rates are
generated as input data which are further perturbed by other non-integer factors such as
the double crewing factor and average incident attendance policy multiplier. Due to this it
is possible to instead consider using normal approximation to the Poisson distribution.
A standard measure of the amount by which values in a series will differ from the mean is
the standard deviation; alternatively the variance (being the squared standard deviation)
is equally relevant. Using the calculated variances, elevated incident rates were calculated
using an adjusted version of the standard z statistic hypothesis testing method[42].
To begin the adjustment, first was considered the standard form of the z statistic hypothesis
test formula, namely
z =
x− x¯
σ
(3.2)
with x being the hypothesized value, x¯ the population mean and σ the standard deviation.
With knowledge of the statistical tables associated with such a test it is possible to make
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use of specified values of z in order to effectively reverse calculate values of x with a desired
occurrence probability. This is achieved through substitution of the z value in question
along with the other known values of population mean and standard deviation and through
rearrangement of the equation into
x = zσ + x¯. (3.3)
The standard deviation may be calculated as usual, however in the case experienced within
Leicestershire Police it was seen that this resulted in a very large calculation time as records
of over 1 million incidents were manipulated using Microsoft Access. Thus it may prove of
benefit to accept a slight reduction in the accuracy of these values in order to increase the
speed at which a result can be provided; indeed this method was used in order to provide
initial estimates of potential demand incident variation whilst calculations for accurate stan-
dard deviations were undertaken. This process is achievable through approximation to the
true values for σ by consideration of the standard equation for its calculation
σ =
√
Σ(x− x¯)2
N
(3.4)
and the nature of the demand particular to this problem. By this it is meant that, for each
of the incident grades and types it is seen that at any individual LPU that fewer than 1 of
these incidents will occur within any of the defined quarter hourly segregated time periods
used within the incident profiler. The result of this is that the average number of occurring
incidents within each of these categories is then between 0 and 1; importantly this means
that the total number of occurrences for each time period is greater than the number of
incidents seen to occur within it (each time segment will appear once for every calendar
week within the time period subjected to data collection). This is of use as it means that
maximum and minimum possible values for the standard deviation may be calculated.
Consider the case in which the population is comprised of N members, P of which take
the value 1 and the rest the value 0, where N > P . This describes the situation in which
deviation from the mean will be minimized; in the incident demand scenario this is equivalent
to stating that the total number of incidents of the given type and grade (P ) are distributed
across the weeks in which they could have occurred as evenly as possible. Thus the standard
equation used in calculation of σ may be rewritten into the form
σ =
√
ΣP1 (1− x¯2) + ΣNP+1(x¯2)
N
, (3.5)
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which is equivalent to
σ =
√
P (1− P
N
)2
N
+
(N − P ) P 2
N2
N
. (3.6)
A rearrangement of this equation to
σ =
√√√√P
N
(
1− 2P
N
+
P 2
N2
)
+
P 2
N2
− P
3
N3
(3.7)
reveals it to be a polynomial in terms of P
N
, or x¯; accordingly then this may be rewritten for
simplicity as
σ =
√
x¯(1− 2x¯+ x¯2) + x¯2 − x¯3. (3.8)
Through collection of like terms, this provides the final result
σ =
√
x¯(1− x¯).
This final value indicates the lower bound on the standard deviation for a series of positive
integer values with a known mean of between 0 and 1. In situations whereby such a lower
bound is a suitable approximation of standard deviation then, use of this formula may save
a significant amount of computation.
It is also possible to calculate a similar upper bound on the range of values obtainable as
standard deviation for such a set of data through consideration of a different base scenario.
The maximal standard deviation in such a system as above will be obtained through the
situation wherein all data series values are 0 except for a single non-zero value. Thus begin-
ning with the same base equation describing standard deviation as previously (Equation 3.4
instead now it is considered that of the population of N elements, there is a single element
x taking the value of P with all others taking the value 0. This allows reformulation of the
standard deviation definition into the form
σ =
√
(P − P
N
)2
N
+
(N − 1) P 2
N2
N
(3.9)
which, through rearrangement to remove the lower denominators, becomes
σ =
√
P 2
N
(
1− 1
N
)2
+
P 2
N2
− P
2
N3
. (3.10)
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All terms contained beneath the square root are some multiple of P
2
N
and it is possible to
rewrite this accordingly as
σ =
√
P 2
N
((
1− 1
N
)2
)
+
1
N
− 1
N2
)
. (3.11)
Through expansion of brackets this becomes
σ =
√
P 2
N
(
1− 2
N
+
1
N2
+
1
N
− 1
N2
)
(3.12)
which simplifies as
σ =
√
P 2
N
(
1− 1
N
)
. (3.13)
Indeed through simplification of the parentheses here it is possible to further rewrite this as
σ =
√
P 2
N2
(N − 1) (3.14)
which is equivalent to
σ =
P
N
√
N − 1 (3.15)
or, as P
N
is equal to the mean of the population x¯
σ = x¯
√
N − 1. (3.16)
With the standard deviation estimated from these new equations (which were later replaced
with accurate standard deviations upon their calculation) it was possible to estimate elevated
levels of incident occurrence and to visualize the effect this would have upon volume demand
within the incident profiler. Considering a particular confidence level, say 90%, the particular
z statistic value associated with it may be obtained using standard z-test tables, in this case
the value being approximately 1.28. Inserting this value alongside the mean and standard
deviation into equation (3.3) will then provide an elevated value that is an upper bound
on the range of values expected in 90% of cases. The demand profiler makes use of a user
specified confidence level which in turn generates a suitable value for the z statistic. In this
way the base incident occurrence rates are elevated to illustrate the level of incident demand
that would be expected to occur in the associated percentage of cases. Figure 3.7 illustrates
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an example of this for a policing region within Leicestershire with incident elevation set to
a value of 80%; this meaning that all of the base incident occurrence rates are increased to
signify the maximum rate of occurrence expected in 80% of cases. The graph is of the same
format as others already demonstrated as output from the profiler with the addition of a
thicker demand curve to illustrate the expected elevated volume of incident based demand;
this being the total amount of live incidents in progress. A period of time between 03:00am
and 04:30am is indicated within this graph at which the expected level of demand outstrips
the supply of available resources. This clearly indicates the problem with considering only
average demand; with the 80% case shown this illustrates that the Police should expect to
fail to meet all demand using the input staffing roster within this period of time in at least
1 in 5 cases. The addition of this facility enables user specification of a desired percentage
value, allowing planning of staff in preparation for reasonable variation in demand.
Figure 3.7: An example graph illustrating the effects of demand elevation within the incident
profiler.
The green shaded region indicates supply of staff, the red shaded region describes average demand
and the thick red line indicates statistically elevated demand.
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3.6 Profiler Development Stage 3. Basic Simulation Method
The final piece added to the enhanced incident demand profiler was a small program that
makes use of the user defined shifts in order to calculate a minimum staffing level such that
all demand is met over the entire time period. This program was written using the Visual
Basic components included as part of the Microsoft Excel software package. The greatest
benefit this provides is the ability to read directly any data that is stored within the work-
book and further to automatically take account of any changes that occur to the said data.
The simulation works individually upon each day of the week and as such a loop is required
such that the simulation procedure will occur 7 times accordingly. The overall process by
which this method is applied is demonstrated within the flow chart within Figure 3.8
Figure 3.8: Flow chart describing the optimization applied within the enhanced profiler.
The first stage within this loop is to initialize all of the user defined shifts to some high
value; doing this ensures that later stages will find a better fit to the demand profile, and
thus minimize the suggested staffing levels. This first part is achieved using the section of
code displayed in Figure 3.9. The value int daycount is incremented for the outer loop in or-
der to proceed through the 7 days of the week, int currentdayoffset defines an offset value
for use in locating data relevant to the current day within the workbook and int totalshifts
calculates the total number of shifts input by the user for the current day. The smaller loop
describes the process whereby each of the user defined shifts will then be assigned a relatively
high value in order to initialize them; in this case the value selected is 99.
Using the value of int currentdayoffset and a newly defined int currentshiftoffset, the
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Figure 3.9: Visual Basic code describing basic simulation shift value initialization.
latest starting shift within the current day is selected and has the high staffing level assigned
to it now reduced to a reasonable point from where the search may progress. The code used
for this is shown in Figure 3.10. Here it is seen that the record used within the workbook
in order to record current staffing levels for the selected shift is firstly set to the value 10,
then an if statement is used to decide whether this value should remain at 10 or whether
it should be reduced to 1. The reason for this is that for the next stage of the search it
is important that there be some demand surplus present at some point in time over the
duration of the shift, thus if assigning 10 staff will provide no such surplus then they are
reduced to 1. The second line of code, initializing the if statement, makes reference to a cell
within the workbook that contains the highest demand surplus for the current shift; this is
then tested to see if it is negative (implying demand surplus), and if so then staffing levels
remain for now at 10.
Figure 3.10: Visual Basic code showing the priming of an individual shift for staff level adjustment
search.
Now for the current shift, the search process will steadily increase the amount of assigned
staff until all demand surplus shown within that shift has been met. This should provide
the least amount of officers required for that shift to meet all of the predicted demand for
its duration. The code for this final stage is displayed in Figure 3.11.
64
Figure 3.11: Visual Basic code showing the priming of an individual shift for staff level adjustment
search.
For an illustrative example, Figure 3.12 displays the results of application of this staff mini-
mization process to the City based trial problem. Though this is able to reduce staff across
defined shifts to the minimum values that are able to meet all expected demand, this does
not consider any variation in shift definitions and is restricted to those created by the user.
Figure 3.12: Illustrative example of results from incident profiler staff minimization.
The green shaded region details the generated supply of staff and the red shaded region describes
expected demand.
Overall the addition of this mechanism to the incident profiler is highly useful as it will allow
a user to obtain a series of benchmark staffing levels that will meet predicted demand for
any defined pattern of shifts they desire. In this way it is capable of providing at the least
a starting point from which staff planners may then work in order to not only meet the
predicted incident demand but also to meet other demands upon the Police service.
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3.7 Summary
In this chapter a review of the demands present upon some of the the key front line depart-
ments within the Police organization have been described with particular emphasis given to
any constraints and numerical observations that will be of importance for future simulation
and modelling approaches.The key areas addressed in this chapter are:
• Understanding of the demands on Police officers in the Leicestershire area.
• Understanding of the current tools and method available for setting Police rosters to
tackle the demand.
• Identification of the current weakness of the demand modelling technique used to enable
future methods to be sought.
This chapter has presented the initial approach taken by Leicestershire Police in attempting
to accurately represent the demand on their LPO staff members. Development of the original
profiling software has been described through discussion of the changes made in creation of
the latest incident demand profiler and the effects these changes have on countering the early
profiler weaknesses. The most important changes made to the original profiler in achieving
improvement were:
• The re-segregation of base incident and arrest occurrence rate data has reduced poten-
tial overestimation from rounding.
• Shifts are now definable by the user and may be set to start at any point in time and
to last for any specified duration.
• Rounding of custodial incidents has been removed, much lessening the distortion of
data when low demand policing regions are profiled.
• Administration time is now incident dependent and is entered by the user as additional
time required for resolution of specific incident types and grades.
• Double crewing now takes account that a shift may be populated by both single and
double crewed staff appropriately.
• Abstractions have been removed and the profiling software is now stated as providing
results comparable to Police staff minimum cover levels.
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• More data has been collected to enhance the base data set; now a period of more than
20 months is used in order to form this base.
The work of this chapter has resulted in the creation of an improved incident demand profiling
tool that is able to present realistic estimates for the amount of live demand. This alone
is not sufficient in order to suitably generate a staffing roster however as the profiling tool
presented is only capable of staff optimization over shifts defined by a user. As such it is
now of benefit to consider techniques by which shift definitions and staff distributions may
be varied automatically with the aim of optimizing some objective function that quantifies
the ability to meet demand. As demonstrated in Chapter 2, other researchers have noted
the benefits afforded by implementation of a tabu search algorithm in tackling staff rostering
problems and as such it presents a natural choice for use in such a role in this research.
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Chapter 4. The Tabu Search in Detail and Basic Imple-
mentation
4.1 Introduction
This chapter will introduce and discuss one optimization method that has been applied
to the demand problem described in Chapter 3, namely the tabu search, and will further
describe implementation of this optimizing search algorithm to the problem through the use
of a customized C++ program. A series of trials were conducted in order to both discover
suitable running parameters for the search and to test potential search modifications; the
results of this work will be presented in this section.
Research into the literature has shown that a number of optimization methods have been
proven to offer viable solutions when applied to problems similar in structure to the allocation
of LPO policing staff. Of particular note amongst these methods is the tabu search, which has
been shown to be successful when used for the similar task of assigning nursing staff within
Belgian hospitals [9]. The Police problem is similar in that adjustment of staff allocation is
the method used in order to achieve optimization; however the objective function is greatly
different. The most directly similar goal is instead to assign a specific number of staff
members across a series of pre-specified shifts such that a well defined demand curve is best
met; this then should suggest the best use possible of the given staff numbers and shift
structure.
4.2 Initialization
For the purposes of testing developed search algorithms for their suitability in this task,
a series of trial problems have been defined based on the demand profiling tool developed
collaboratively with Leicestershire Police as discussed in Chapter 3. This set of 18 trial
problems reflect the 3 major policing regions used within Leicestershire along with their 15
subdivisions (listed in Table 4.1) and are set to cover the period of an average calendar week.
Further these problems are constructed such that the initial staff allocation is based upon
currently used rosters and with a level of staff that is insufficient to meet demand over the
entire time period considered. Staffing levels are selected to be insufficient in order to ensure
that the optimization method will continue to perform until it finds an optimal result. In
the case that far more staff than necessary are allocated, early termination of the search
could occur as the algorithm would reach a point at which all demand is met and hence
no more improvements could be made. This is a concern as in these cases there could be a
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lot of potential staffing variation that would simply be ignored due to ease of finding a first
numerically suitable solution. The precise data regarding each of these trial problems are
included in full within Appendix A, wherein for each problem a profile of expected demand
is coupled with a suitable staffing roster.
Table 4.1: List of the 3 Basic Command Units (BCUs) and 15 Local Policing Units (LPUs) in
Leicestershire.
City BCU North BCU South BCU
CB - Beaumont Leys NH - Charnwood SB - Blaby
CH - Hinckley Road NL - Loughborough SH - Hinckley
CK - Keyham Lane NM - Melton SM - Market Harborough
CM - Mansfield House NR - Rutland SW - Oadby & Wigston
CN - Spinney Hill Park NW - NW Leicestershire
CW - Welford Road
Within these problems the objective function to be considered is defined as the sum of all
demand that is not immediately met by policing staff. Figure 4.1 shows an example of a
supply and demand profile, on this graph the demand not immediately being met would be
that indicated in regions where the shaded (demand) area is greater than the area bounded
by the thicker line (supply). Using this figure unmet demand is present between the hours
from 11:00 to 14:00, 16:00 to 22:30 and 23:00 to 3:00. The score given by the objective
function is the total area of the demand profile for which it rises above the thicker outlined
supply region; the method of calculation for this objective function is discussed in Section
4.4.5.
4.3 Tabu Search Method
4.3.1 Introduction
Regardless of the method used in order to generate a suitably accurate demand profile, it
would be of great benefit to have an automated tool capable of scheduling available staff and
other applicable resources in order to aid in achieving key performance targets. One such
method would be to use one of the many known optimization techniques in order to run an
optimizing search procedure; of particular note due to the similar tasks for which it has pre-
viously been used is the tabu search. The tabu search is a very powerful optimization tool,
the initial stages of creation and development for which are found in the text Tabu Search [8]
alongside suitable accreditation for early developers. The wide range of applications for this
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Figure 4.1: Sample demand and staffing profile graph.
The shaded region describes demand and the area encapsulated by the thicker line describes
supply.
technique and its high rate of success have led to many further developments by researchers
in a variety of fields. Such a wide applicability to a large variety of problems is possible
mostly due to the adaptability of the method allowing a high level of customization in order
to suit individual needs. For example it has been used to great effect in the problems of staff
rostering [21], vehicle routing [10] and general optimization tasks [43]. In each of these the
tabu search method is employed in order to solve specific optimization tasks and is shown
to compare favourably against other optimizing techniques both in terms of optimization
ability and calculation cost.
One of the key features of tabu search is the continuous updating of, and reference to, a
flexible memory structure. The precise nature of this structure will vary with implementa-
tion yet they are all common in that they allow the consideration of effects from previous
optimization attempts when deciding upon a current path for investigation.
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Tabu search uses as its solution space the set of all possible solutions that exist for the given
problem. It is through implementation of the search that smaller regions of this search space
are investigated in order to find an optimizing solution efficiently, without having to assess
each and every possible solution. The method works by first selecting an initial solution,
either purely randomly or by some specific design, and then investigating nearby solutions
in order to attempt to find ones that are more optimal as assessed by some objective func-
tion. Nearby solutions are defined as those belonging to the neighbourhood of the current
solution, formally a neighbourhood N(S) for a given solution S is the set of solutions ob-
tained by applying a single local transformation to S. This transformation can be of many
types, for example this could be by random selection of an improving move within the local
neighbourhood N(S) or indeed by following a more methodical approach. At each iteration
of the search process then the neighbourhood N(S) will be evaluated and a best improving
solution S ′ will be found, this solution will then be adopted as the current best and have its
own neighbourhood, N(S ′), similarly evaluated. This process will repeat until some stopping
criteria is reached; typically this would be after completion of a certain number of iterations
or alternatively after a certain number have been completed with no improvement to solution
quality. This sounds immediately very similar to local search (or steepest descent), however
there are many beneficial additions made that transform this basis into the more powerful
tabu search method. Namely, these are the additions of tabu tenure, aspiration criteria,
search diversification and search intensification.
4.3.2 Basic Method
One of the basic concepts necessary for use of the tabu search is the idea of a ‘move’. Assume
that a base system has been specified for which an optimum solution, as specified by some
objective function, is desired. A move is an action or local transformation by which the
system is adjusted; this move usually being chosen so that the resulting modified system is
considered to be more optimal. For example in a shift scheduling scenario there are a variety
of possible moves, some of which could be:
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Move 1
The exchange of position for two shifts with each other; for example
staff member A will be moved from a day shift to a night shift and
simultaneously staff member B will move from a night to a day shift.
Move 2
An adjustment of the start and end times for a shift; for example making
a staff member begin and end their shift an hour earlier.
Move 3 The addition of a shift to the timetable.
Move 4 The removal of a shift from the timetable.
Consider a system where the move of type Move 1 is implemented wherein a pre-specified
group of objects are switched with each other in an attempt at optimization. As demon-
strated in the work of Reeves et al. [51] it is convenient to illustrate the set of all possible
moves in a case like this in a grid-like data structure; so in a system with 6 interchangeable
objects this could be of the form shown in Figure 4.2. Each grid subsection here corresponds
to the move which switches the position of the two relevant objects, for example the square
marked with an X indicates the switching of objects 2 and 6.
Figure 4.2: Tabu memory structure for an object switching scenario.
The idea of tabu search when applied in such a scenario is to label previously used moves as
tabu, meaning that they may not be used again. So at each stage of the optimization process
the most improving move will be selected and also marked as exempt from future selection.
In the case of moves of type Move 1 this will prevent the reverse move from occurring, as
the selection and exchange of the same 2 elements twice will result in a return to the original
state. In doing this then a string of most improving moves will be conducted until a point is
reached at which no further moves will enhance the solution; at this point the result should
at least be a local optimum. In this way the basic search method described can be seen as
being highly similar to a steepest ascent/descent method for optimization of an objective
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function.
4.3.3 Tabu Tenure
In more complex cases, especially in considering different move types, when a move is desig-
nated as tabu it is assigned a ‘tenure’; a value which will show how recently or frequently a
particular element or combination of elements have been used. The construction and meth-
ods of application for suitable tabu tenure structures are well documented in the literature
[52], [53]. From the interpretation and relevant updating of a series of tenure values it is
possible to provide a measure for how soon it may be reasonable to consider using the same
elements within a solution quality improving move again. The tabu tenure effectively re-
stricts the local neighbourhood of potential search solutions at each search iteration in order
to both reduce the chance of a search becoming trapped at a strong local attractor and
to increase diversity of the search. There are 2 major forms of tabu tenure, recency based
tenure and frequency based tenure.
4.3.3.1 Recency Based Tenure In a recency based tenure approach, a record is kept
of the elements used within moves selected towards optimization and how recently their
selection occurred. For example, consider the object switching example shown in Figure 4.2
and that now a tenure value is assigned to any previously conducted move; thus tenure is
applied to pairs of elements and not individual elements. The tenure applied will be set
to some initial value which will then decrease as subsequent moves occur, in this way the
pairing with the highest tenure value will be that which occurred most recently. So with a
tenure value of 3 being applied to selected moves then, after 3 moves have been conducted,
the memory structure illustrated in Figure 4.3a could result. The grid presented records
values that indicate how recently particular moves have been used, so for example the grid
subsection indicating the switching of elements 1 and 4 contains the value 3; indicating that
the exchange of elements 1 and 4 was the most recent move. With recency tenure for moves
decreasing as other moves occur, the value attributed to each pairing describes how many
more moves will have to be undergone before their tenure value becomes 0 and the move may
be performed again without restriction in the search process. To demonstrate the effects of
a further move using this same memory structure consider that after the result shown in
Figure 4.3a is reached an additional move is performed switching elements 2 and 3. All
tenure values within the structure would be reduced by 1 and a new tenure value of 3 would
be appropriately assigned for the newly completed move; this would result in the memory
structure as shown in Figure 4.3b. This has the effect of causing the tenure assigned to the
move exchanging elements 2 and 6 to be reduced to 0, such that no tenure penalty for this
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move is considered when assessing potential future improving moves.
Figure 4.3: Memory structure with 3 move tenure in an object switching scenario.
The tenure values associated with previously selected search elements may be used in order
to restrict the current neighbourhood of solutions in 2 different ways. The first and simplest
of these is to prevent any element with a non-zero tenure value from being a candidate for
solution improvement. In the example this approach will immediately prevent the reverse of
previously conducted element exchanges from occurring within the next few search iterations.
This method can however be too restrictive and the alternative approach is to use the tenure
penalties attributed to search elements in order to penalize their quality score. In this way
the chance of repeat selection is reduced however it is not completely invalidated; should a
repetition of the move provide sufficient improvement to quality that it yields the best move
within the local neighbourhood even despite the penalty then it may still be selected.
Selection of tabu tenure values to use within a tabu search method is often not a simple
task; there are however a few key factors that are important to bear in mind when deciding
upon values to trial. Small tenure values will encourage a search method to explore only
small regions around locally optimizing results within the solution space. Large tenure values
however will allow the search to break free from these small regions and will provide a more
diverse search of the possible solutions. Thus it is sometimes considered of benefit to use
a combination of both small and large tenure values, or indeed as shown by the work of
Glover & Laguna [8] to instead use a dynamic tenure that is able to change at each iteration
of a search. Importantly however it is hard to immediately understand for many problems
precisely what would be considered a large or small tenure value. This is possible to resolve
through the simple method of trial and error, investigating a range of tabu tenure values
and noting their effects not only on solutions provided but also on how the search process
behaves. Indeed this is only a necessary stage within the early uses and construction of the
search algorithm; at the point of industrial application suitable values for wide scale use will
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have been discovered.
4.3.3.2 Frequency Based Tenure In addition to recency based tabu tenure, in which
moves are restricted based on the most recent time of their occurrence, there is also the
notion of frequency based tenure [52], [53]. The idea of this method is to record a tally of the
number of times any move has been selected and use this to generate a weighting function
so as to discourage their repeated use. Importantly this method allows greater variation
within any search process which will be more likely to find a variety of local optima and also
increase the possibility of global optimum discovery. Indeed this type of tabu tenure is only
suited for use through penalization of solution quality at each search iteration.
It is usual for this tenure method to first consider each possible move and to quantify the
effect that this will have upon the resulting system. This is accomplished through conduct-
ing each individual move and then assessing the resultant system state using the desired
objective function, the score for each move is logged and the move is reversed. After this the
frequency tenure for each move is considered and appropriate penalties are placed upon the
benefit value of potential moves based upon this. In this way it is then possible that the most
improving move at a given step may be ignored due to the historical frequency of selection;
this will encourage the search to then progress along a previously uninvestigated path by
choosing a less improving but higher rated move. This provides the benefit of potentially
helping the search avoid becoming trapped at a locally optimizing result, instead making it
tend towards the discovery of stronger local optima or indeed a global optimum.
Figure 4.4: A frequency based tabu memory structure.
For example consider an object switching scenario with the frequency based memory struc-
ture as shown in Figure 4.4. In order to find the next most improving move for the system
using this, firstly the relative merit of each potential move would be assessed through use
of a suitable quantifying objective function. Following this the resulting scores would be
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adjusted using penalties derived from the tabu memory structure. The simplest method of
penalization would be the direct reduction of scores using figures straight from the memory
structure; for example, if the structure in Figure 4.4 were used then the move attributed
with the score for switching of elements 3 and 6 would be worsened by 2. The precise way
in which the penalty is calculated and applied is however very likely to vary between the
different situations in which it is implemented, as clearly it will not always be the case that
a direct reduction of score will be of most use. For example, consider a situation in which
repeated use of the same switching is exponentially detrimental to a system as opposed to
being linearly so; it would be more appropriate there to consider instead penalties to be of
the value ei where i is the current frequency of the move in question.
4.3.4 Aspiration Criteria
It is possible in some situations that it could be of benefit to consider using trial solutions
or moves that would, by application of a tabu tenure, have been marked as containing tabu
elements and through this considered to be unusable. In situations such that there are many
long lasting recency tenures (or very large frequency tenures) it is quite possible then that
the non-tabu neighbourhood solution space could become dramatically diminished leading
to weaker optimization and potentially even search stagnation. Overcoming this concern is
the role of aspiration criteria. These are mathematically defined methods that are able to,
either temporarily or permanently, revoke the tabu status assigned to any particular move
given that it meets some specifically defined criteria. An example of such a criteria is to
allow a move that has otherwise been marked as invalid to be performed if it would result
in a solution better than the current best known solution. This type of aspiration criteria
can also be known within the literature as the aspiration threshold [8]. Certainly this is the
case for aspiration based around an objective function value assessment, wherein a particular
threshold value may be set such that any moves capable of improving beyond this value may
be considered without penalty. A flow diagram is presented within Figure 4.5 to aid the
description of a tabu search process with aspiration criteria.
First in the process a trial solution is selected, either randomly or by design, from those in the
neighbourhood of the current best solution. This trial solution is then assessed as to whether
or not it contains any attributes that are currently defined as being tabu-active (or tabu). In
the case that no tabu attributes are present in the solution then it is evaluated as per some
objective function with no additional penalties whatsoever. If however tabu attributes are
present then a second test is performed, this being whether or not the solution reaches some
aspiration threshold or equivalently satisfies any other type of aspiration criteria. A solution
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Figure 4.5: Flow diagram showing the tabu search process with aspiration criteria.
containing tabu attributes but also reaching the aspiration threshold will be assigned no
penalty and will undergo the standard objective function assessment. Solutions that contain
tabu attributes and also fail to meet the aspiration threshold will be subject to the same
objective function assessment but with the addition of penalties based on the number and
scale of tabu attributes present in the solution. At this point in the process the solution will
have been allocated a score representing its quality that may be compared against the scores
of other trial solutions. In the case that the new trial score, that may include penalties,
is better than the best previous one then the new trial move will be marked as the most
improving. The final step of the search process then is to decide whether or not enough trial
solutions have been assessed in order to be satisfied in performing the best of them. This
process would then be repeated until a specified stopping condition is met and a final best
solution is provided.
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4.3.5 Diversification and Intensification
Aspiration criteria alone may not be enough to prevent the stagnation and possible cycling
of a search procedure; in these cases it is of benefit to consider the use of diversification
strategies. These are mechanisms which encourage a much larger area of the search space to
be investigated; this complements well the standard tabu search which can become prone to
searching only a local region of the space.
In order to achieve diversification the search must be in some way forced into a very different
region of the search space. This is usually accomplished through application of one of the
major diversification techniques, namely restart diversification or continuous diversification.
The first of these methods, restart diversification, is used by selecting a few of the variable
parameters and, upon completion of a full search, forcing them to take infrequently encoun-
tered values. These variable parameters would be any part of the solution that may be
adjusted using any of the search transformations (or moves) defined for use by the search
procedure. For example, in the case of a Police staff roster optimizing search a final solution
of the form shown in Table 4.2 could be provided as a result of search application.
Table 4.2: Sample staffing roster for restart diversification example.
Note that shift start values between 24:00 and 48:00 indicate time within a second day and values
between 48:00 and 72:00 a third.
Shift Start Shift Length Staff Level
07:00 9 5
09:00 10 2
14:00 9 4
18:00 9 1
22:00 9 3
31:00 9 4
34:00 10 4
38:00 9 3
43:00 9 2
46:00 9 5
55:00 9 5
57:00 10 1
60:00 9 3
64:00 9 0
70:00 9 3
In reaching this stage a number of iterations would be anticipated, each describing a dif-
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ferent roster on the path to optimization. Within all of these rosters some combinations of
shift start times and staffing levels will be encountered less than others, these make ideal
candidates for restart diversification; they have been shown to provide some benefit towards
optimization, however they are not the most commonly used. Table 4.3 demonstrates the
first 3 moves towards optimization that were taken in reaching this result. Within this figure
the shifts that donate and receive staff at each iteration are noted (marked in the figure by
the ‘1’ and ‘-1’ notations) and the roster resulting from each change in staff distribution is
shown. It is possible through use of such records to maintain a tally for each shift of the
number of times it is used as either a donator of receiver of additional staff. Upon selecting
suitable variables to fix, the search is restarted with these newly defined values being taken
as initial conditions; this will force the search to begin in a region that was previously not
investigated very thoroughly. This does lead to the issue of the stopping condition that
should be placed upon the use of this diversification step; indeed through continuous use the
entire solution space could be investigated, though this would be expected to be extremely
inefficient and time consuming. Thus a common approach would be to limit this to only a
few applications of the diversification; the precise number would be based on the expected
size of the solution space. For example, in a problem with a particularly large solution space
it would be considered that either a larger number of individual diversification stages or use
of more powerful diversification would be necessary to suitably explore it. With each addi-
tional application of this diversification the confidence in the best solution as being optimal
would increase. A good stopping condition could thus be the event of having conducted a
certain number of diversifications consecutively each of which results in no improvements to
the current best solution found.
Table 4.3: Table of results showing development of staffing roster through search stages.
The alternative major approach, continuous diversification, is applied throughout as part
of the search procedure itself. This is accomplished through applying a penalty to scores
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obtained based on the frequency with which specific elements of the trial solution have ap-
peared in previous solutions. These penalties should be set to small values as otherwise
many potentially substantially improving moves could be ignored. The effect is a subtle one
that encourages the search to make more frequent use of all available moves/elements when
creating trial solutions; this is very different to the large changes forced as part of restart
diversification.
In contrast, intensification instead encourages the continuation of a search within a specific
local region. To do this the values of system variables (or the presence of system elements)
is monitored continuously as the search procedure is conducted. After the same variables
are noted as being present in a certain number of successive current best solutions the inten-
sification process is initialized. These variables that are noted to have been present in the
previous best solutions are then fixed such that they will be common members of all future
solutions. The search process will then continue but will only be able to stray into the region
of the search space in which solutions possess all of these common elements. Effectively then
this process is an attempt to identify key patterns within solutions which are beneficial to the
solution quality and then further to find the best solution available that uses this pattern.
4.3.6 Stopping Criteria
The search will continue through iterations of trial solution investigation and moving between
neighbouring best improving solutions until some specified stopping condition is reached.
Fairly commonly used is the condition that a specific number of iterations has passed, [12];
this number should be, by design, sufficiently large so as to be confident that a wide enough
search of the solution space has been performed in providing a strong optimizing result.
However this approach will not guarantee in all cases that a minimum is discovered and
as such an alternative method is often adopted. This alternative method is to continue
performing the search until a set number of iterations have passed with no improvement
made to the best found solution. In addition to definitely providing a minimal solution, with
a large enough number of iterations required before stopping, there can be good confidence
in the final result as being globally optimal.
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4.4 A Tabu Search Algorithm for use in the Police LPO Staffing
Problem
4.4.1 Overview
The tabu search process can be summarized as an optimizing search that follows a routine
similar to that of a local neighbourhood (or steepest descent) search. It differs in that it
considers past actions of the search in penalizing certain potential search options at each
iteration. The method by which a basic tabu search acts can be thought of as that shown
in the flow chart of Figure 4.6.
Figure 4.6: Flow chart describing basic tabu search operation.
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4.4.2 Tabu Moves
A program has been written using C++ in order to try implementation of the tabu search
method upon the defined series of test problems (described in subsection 4.1). In order to
achieve optimization this program allows for 3 different moves to be conducted that result
in adjustment to staffing levels contained within a roster. Thus, given a starting roster this
program will attempt to use these moves in order to reallocate the available staff in the best
possible way. The 3 moves used are:
• The movement of a single staff member from a particular shift within the roster onto
a new shift. This provides a direct method of adjusting the current staffing level and
redistributing it for a better fit to the demand curve.
• The increase of the starting and finishing time of a shift to a time later in the roster.
Shift length will be maintained through this move as the ending time for any adjusted
shift will be increased by the same amount as its start. This provides scope to investi-
gate the potential benefits from adjustment of the shift structure itself in addition to
the allocation of staff. From this then not only will the best fit of staff be found but
also the best underlying shift pattern. Note that the first occurring shift is set to be
exempt from this move in order to help ensure that no roster may be created in which
a period of time exists at which it is impossible to assign staff.
• The decrease of the starting time of a shift. Though very similar in nature to the
previously described start time increase move, it was found more appropriate to include
this as a separately available action; this being due to a resulting decrease in complexity
of the program whilst still providing the same capability. This coupled with the possible
increase in shift start times will allow maximum flexibility in shift starts.
Initially the program was designed to perform one of these 3 types of move until an optimizing
solution is found, whereupon it will then perform another type of move to attempt further
optimization. The order in which move types are selected is through manual design by the
user; for example the user could elect to perform the first type of move until a local optimum
is found and then to follow this by performing the second type of move. This would be
repeated until no further improvements could be made to the roster at which point the
program would terminate. Indeed labelling the 3 types of move from 1 to 3 as they appear
in the list, it is possible to construct a string that would describe the search process. For
example the string 1, 3, 2 would correspond to a search in which staff are firstly redistributed
according to the first type of move until an optimal result is found. Following this the third
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type of move would be used trialling the decrease of starting and ending times of shifts, again
until finding a minimum whereupon the second type of move (increasing shift start and end
times) is used.
4.4.3 Tabu Tenures
A critical element to the success or failure of a tabu search procedure is setting the value of
tabu tenures and considering how they are to affect the search. In this work a tabu tenure
penalty is applied to any elements involved within any move chosen to transform a current
solution to an improving neighbour. These penalties are fixed to some values and initially it
is not known for this problem precisely what values would be best suited; there is also little
help to be obtained from the literature where often no mention of the exact tenure values
for problems similar to this one are given. Thus a series of searches were conducted in which
the tabu tenure values themselves were varied through a range of possible values in order to
attempt to discern a suitable range for general use in the specific LPO staff demand profiling
problem. Each move type was assigned an individual tabu tenure penalty for application to
elements involved upon selection of an improving move. The final results and details of this
tenure variation testing is discussed within Section 4.6.
These tabu penalties form directly the penalties that will be applied to roster scores where
appropriate throughout the tabu search procedure. As minimization of demand surplus is
the desired objective of optimization, the penalties will be added on top of the surplus value
in order to increase the associated score of a solution and thus make solutions using tabu-
active elements less desirable. So, for any trial solution considered that contains tabu-active
elements, the current tabu tenure values for each of the tabu-active elements will be added
cumulatively to the surplus demand. A solution containing many tabu-active elements will
then be penalized more heavily than one containing fewer or no such elements. As future
iterations of the search occur the tabu tenures that have been assigned to elements will be
reduced until the element may be used once more without penalty.
4.4.4 Inputs and Outputs
As input the program uses a pair of .txt format data files that describe a demand curve
and a user defined staffing roster each covering the same period of time. The demand curve
input data file simply contains a series of values arranged in ascending chronological order
that give a numeric representation of demand. The data for this demand profile may be
drawn from 2 primary sources. The first of these is a piece of software, named ProfInc,
employed by Leicestershire Police which attempts to suggest future demand levels based on
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historical information drawn from a continually updated database; indeed the development
of this piece of software has been part of this research and is documented in Chapter 3.
The second demand profile source is in the form of a C++ program that uses the same
historical data to probabilistically construct a pseudo random profile. Table 4.4 describes
the numerical information stored in a sample demand data .txt file, where ‘demand’ is the
average number of recorded incidents in the associated hour; when coupled with the staffing
data as illustrated in Table 4.5 this can provide a profile of overall demand and staffing for a
preselected time period and Policing region. Indeed the incident profiling software contains
data on incident demand that may be fully broken down by incident grade and type. This
provides the potential to create trial problems for the tabu search software which, through
their solution, could yield staffing numbers allowing for teams of personnel dedicated to
specific demand types. The probabilistic C++ model in making use of the same base data
source as ProfInc is equally capable of such flexibility in demand profile construction.
Table 4.4: Sample demand levels by time of day.
Hour Demand Hour Demand Hour Demand
7 : 00 5 15 : 00 7 23 : 00 22
8 : 00 6 16 : 00 10 00 : 00 19
9 : 00 11 17 : 00 8 01 : 00 21
10 : 00 11 18 : 00 9 02 : 00 22
11 : 00 8 19 : 00 15 03 : 00 19
12 : 00 4 20 : 00 16 04 : 00 18
13 : 00 4 21 : 00 12 05 : 00 17
14 : 00 4 22 : 00 18 06 : 00 20
An input staffing roster contains a tabulated set of values similar to that described in Table
4.5 wherein a series of shifts are defined with a start time, length and initial staffing level.
For the purposes of this work the standard time unit used is the hour and as such shifts
are set to start at the beginning of the specified hour and run for some whole amount of
hours before ending; further, individual demand values will be that for a full hour. These 2
primary data inputs are stored within a pair of .txt files as opposed to being within a single
such file in order to allow the user to more easily edit or interchange various staffing rosters
whilst maintaining the same demand levels.
There are 2 outputs that the program is currently designed to create if specified by the
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Table 4.5: Example standard minimum cover shift pattern.
Shift Start Shift Length Initial Staff
7 : 00 9 6
9 : 00 9 0
14 : 00 10 7
18 : 00 9 0
22 : 00 9 6
user. The first of these is an output roster, of format identical to the input one, describing
the best roster found for the given problem and its associated score. This roster will show
the end result of the optimizing search procedure and describes an optimum distribution
of the initially available staff numbers. Table 4.6 provides an example output roster after
application of the improving search procedure. Parameters that have been varied through
application of the optimizing search are the ’Staff Amount’ and ’Shift Start’ values; however
in this example it has only been beneficial to redistribute available staff around the already
defined shifts.
Table 4.6: A sample output roster resulting from the optimizing search method when applied to
a trial problem.
Shift Start Shift Length Staff Amount
7 : 00 9 2
9 : 00 9 4
14 : 00 10 3
18 : 00 9 6
22 : 00 9 4
The second major default output is a matrix of scores from the best rosters found through
variation of key search and system parameters. This provides a collection of scores that
represent the ability of a set of calculated rosters in successfully meeting the preset demand
profile. Different members of this set will be constructed through usage of the search process
with different system parameters; of primary interest in this work were the tabu penalty
values assigned for moves conducted. The scores themselves are quantified by use of some
suitable objective function. The first such function used being defined as the sum of dif-
ferences between supply and demand of resources for each point of time over the period
in question at which demand is not met; thus they represent the total amount of demand
that will not be immediately met by the associated staff roster. This objective function is
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discussed in detail in the following section.
4.4.5 Objective Function
In order to be able to assess the quality of any given solution, with regards to its ability
to meet demand, an objective function is used. This objective function quantifies into a
single real value the amount of demand that is not immediately met for a given solution
of the problem being considered. To do this the difference between supply and demand of
resources is considered for each individual point of time in turn within the entire time period
for the problem. If the demand for resources at any point is greater than the supply then
the difference between the two is added to a running score total. If instead the supply of
resources is equal to or greater than the demand level then no change is made to the score;
at these points in time there is no surplus demand to be added on. The demand surplus as
understood by this objective function is illustrated graphically within Figure 4.7.
Figure 4.7: Sample resource supply and demand graph with surplus demand region indicated.
The shaded region indicates expected demand whilst the thick black line describes supply of staff.
The arrow on this figure indicates an area in which demand is higher than supply, indeed
performing the running total sum as previously described should provide the total area of
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all such regions. This can be expressed by the formula
174∑
t=7
Dt − St ∀St < Dt.
Where t ranging from 7 to 174 is used to identify the hours within a calendar week, starting
at 7 to illustrate that the first hour is 7am; in the general case t could be taken to vary
between suitable values that cover the entire time period represented by the demand profile
in question. Dt and St are the demand upon resources and the supply of resources at time
t respectively. Figure 4.7 describes data used in the creation of the plot shown in Table 4.7
for the time period between 15:00 and 17:00. For each of the quarter hourly data points in
this example the demand for resources is greater than the total allocated supply, thus the
total objective function value for this 2 hour period will be equal to the total supply minus
the total demand; 23.19− 16 which is 7.19.
Table 4.7: Sample demand and supply values to illustrate calculation of objective function.
15:00 15:14 15:30 15:45 16:00 16:15 16:30 16:45
Demand 2.68 2.63 2.77 2.89 2.81 2.96 3.20 3.25
Supply 2 2 2 2 2 2 2 2
Thus it would be expected that an optimizing solution would be one that provides the
best fit of resources to the demand curve as possible; in effect this would be equivalent to
minimization of this sum. However the trial problems have been created so that meeting
all demand is not possible as this will force the search to continue attempting optimization
until a stopping criteria is met. If meeting of all demand was possible then effectively this
would mean that the objective function could reach a value of 0; this would then necessitate
the creation of a secondary objective function in order to allow the search to continue. The
benefit of doing this could be to begin further optimization through the reduction of staffing
levels where possible to do so whilst still meeting all demand.
4.4.6 Stopping Criteria
Within the first search algorithm presented in this work a different stopping criteria to both
of those mentioned in Section 4.3.6 is used; though there is some similarity to the latter of
those previously mentioned. As a reminder, the former of those criteria was for the search
to terminate after a specified number of search iterations and the latter for the search to
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terminate after an amount of iterations with no improvement to solution quality. The reason
for this was to first create a simple stopping criteria in order to allow the search function
to be tested at a basic level before more complex stopping criteria and diversifications are
considered. Thus the results from this will provide a benchmark figure from which other
more complex techniques may then be assessed. First the search algorithm will proceed
until no more improving moves can be found in the neighbourhood surrounding the current
best solution. At this point the current best solution will be perturbed and the search will
then continue. In order to perturb the best solution the 5 most recently occurring moves will
be reversed in order to force the search back along the search path to a previously considered
solution. However whilst the most recent moves are essentially undone their tabu tenures
will be retained. With the highest tenure being 5 this illustrates the primary reason why
5 moves are reversed; in reversing this number it is assured that each reversed move will
still be penalized to some degree by tabu tenure, discouraging its repeat selection. This will
discourage the search from making the same choices of move and providing the same best
solution again due to the heavy score penalties that would be involved in reusing the still
tabu-active elements. This process of obtaining an optimizing result, back-tracking from it
and then continuing the search is repeated 9 times so that in total 10 locally optimizing
solutions are found; the best of these being selected as the most optimal result. This figure
of 10 local optima was settled upon after a series of trial optimizing searches allowing up to
1000 local optima showed the latest discovery of a solution improving upon the best found
at the 10th unique optimum found.
4.5 Implementation
4.5.1 Overview
The overall process by which the C++ based tabu search procedure is conducted may be
summarized by the flow diagram represented in Figure 4.8. The individual stages that
comprise this process will be discussed in detail within this section. Firstly the search needs
to initialize through the input of some starting roster from an external data source, which
in this case is in the form of .txt based files. After this the tabu search process will be
conducted and will investigate the variation in staffing levels across all of the defined shifts.
Following this investigation into variation of the shift starting times themselves will occur
with further attempts at staffing redistribution across newly defined shifts being performed
to ensure their best use.
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Figure 4.8: A flow chart describing the overall tabu search process implemented using C++.
4.5.2 Initialization
The very first stage is to input data from the relevant .txt files and in doing so setup the
problem which is intended for optimization by the search process; this results in the storage
of input data in a series of real and integer value arrays. This is performed within the
C++ code by use of a coupled ‘Preset Data Input’ and ‘Setup’ routine. The first of these
‘Preset Data Input’ is involved with the reading of data from the input .txt documents
and the updating of relevant arrays. An example of this for the input of demand data is
displayed in Figure 4.9. This code initiates by storing the first value stored within the input
as ‘fl DataRead’. A while loop is then implemented that will continue to perform for so long
as the most recently input data value is not equal to the end of file marker; this being an
automatic marker that does not require any level of additional coding. Whilst the end of file
is not reached the input data value is used in this case to update a series of arrays. The first
of these ‘Demand Store[][0]’ records the input value itself as an unperturbed backup value for
later use in restoring conducted tabu searches to the initial state without having to input the
data file again. ‘Demand Store[][1] is used to record the current level of demand that remains
unmet and is perturbed as the search proceeds to take account of staff members assigned;
‘Demand Store[][2]’ similarly records the amount of met demand and is also perturbed to
account for staff members added. ‘Demand Store[][3]’ is a replica of ‘Demand Store[][1]’
which is used to allow for comparison of objective score of a current best roster with a newly
defined trial roster.
Similar code is used in order to input the initial structure of defined shifts with associated
staff members. Shift starting times are recorded in a ‘Shift Start[]’ array, shift durations
in a ‘Shift Length[]’ array and initial staffing levels in a ‘Shift Staff[]’ array. Each of these
elements relate directly to each other in that the N th elements of each array will combine to
fully describe the structure of theNth shift. For example shift 3 would have start time, length
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Figure 4.9: Code used to input data from .txt files using C++.
and initial staff described by Shift Start[3], Shift Length[3] and Shift Staff[3] respectively.
Examples of the structures of both the demand data and staffing data input files are included
within Figure 4.10.
Figure 4.10: Sample input data files for the tabu search algorithm.
Having constructed an initial setup for the search it is important to assess it in order to
obtain a benchmark value recording the original score attributed to the roster; without this
both the effects of the search and indeed whether optimization were actually occurring at
all would be unknown. This score is calculated as the total amount of demand defined using
the input demand profile that is not met by the initial staffing roster. As an example Table
4.8 contains sample staffing and demand data based upon that for the hours between 07:00
and 16:00 in the City region of Leicestershire on a Monday.
For each time in the table the number of staff available on duty and the amount of demand
expected to occur within that hour are recorded. Demand is drawn from the incident profiler
software discussed in Section 3.9. This will calculate demand per time unit of interest using
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Table 4.8: Table of sample initial demand and staffing data alongside objective function example.
a formula equivalent to
D = (I + A)d,
where D represents total demand, I the amount of live incidents requiring attendance within
the time period, A the number of arrests in the same time period and d a factor for average
number of units attending an incident.
To find the total surplus demand, first the surplus for each individual hour is calculated;
note that negative surplus are not recorded and are instead shown as zero values in order
to consider only the times at which demand is not met. For the entire time period being
considered these individual hourly surplus values are then summed into a total surplus
demand figure that is equivalent to the score of the roster for that time period. In later
stages when tabu tenure penalties are considered it will be this score that is adjusted where
necessary to take account of these penalties.
A ‘Score’ routine is used in the C++ program in order to calculate this base objective function
value, the bulk of the code for which is shown in figure 4.11. 3 different ‘Pattern Score[]’
values are calculated within this routine with ‘Pattern Score[0]’ compiling the sum of all
demand, ‘Pattern Score[1]’ the sum of all unmet demand and ‘Pattern Score[2]’ the sum of all
met demand; of these ‘Pattern Score[1]’ is the target objective value. Importantly the routine
initiates by setting all of these scores to 0 allowing repeated calling of this routine throughout
the search as a whole; indeed this ‘Score’ routine is used to calculate the relative strengths of
each new trial move proposed as the tabu search progresses. So for example, with the values
indicated in Figure 4.8 the objective function value would be equal to the sum of all surplus
demand values shown; in this case this is 4.347211 + 6.028474 + 7.189492 + 7.939655 + 13.75
which is 39.25483.
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Figure 4.11: Code for calculation of basic objective function.
4.5.3 Search Steps
The optimizing search now begins through redistribution of the initially assigned staff amongst
the shifts defined using the input staff roster. This is achieved by selecting every possible
pairing of available shifts and, if possible, attempting to move a single staff member from the
first of the pair to the second; in this way the move used is of the first type listed in Section
4.5.2. After each of these trial moves is made the roster score is recalculated using the ‘Score’
routine to take account of the change that has been made, this score is then stored within
a unique element of an array and the move is reversed. In this way then every possible
roster that may be reached through a single move from the initial one is encountered and
has its objective function score recorded. Thus in this way the entire local neighbourhood
surrounding the current solution is investigated in the same way as would be understood for
a neighbourhood search algorithm. The best of these moves is then selected to be carried
out as a more permanent adjustment to the roster; in this case a best move is taken to be
that resulting in the greatest improvement to the current roster score towards optimality.
For an example of how this would work consider a scenario in which there are 6 shifts avail-
able for staff redistribution. Each possible coupling of these 6 shifts would then be equivalent
to a potential move of a staff member from one of the shifts to another. Note that the pairing
(x, y) is distinct from the pairing (y, x) here as staff will be moved from the first selected
shift to the second; so from x to y in the case of (x, y) and from y to x for (y, x). Thus for
this example, there are 36 possible couplings including 6 essentially null couplings in which
staff members are moved both from and to the same shift; these 6 would be represented
using pairings of the form (x, x). A grid of the style displayed in Figure 4.12 illustrates
a structure capable of recording information regarding each of the possible pairings in this
scenario.
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Figure 4.12: A grid used to record the effects of the moves associated with shift couplings conducted
as part of the redistribution stage in the tabu search optimization method.
Each of the moves associated with these couplings would then be conducted and the quality
of resulting rosters would be assessed according to the objective function described in sub-
sections 4.4.5 and 4.5.2. Consider the example described in Figure 4.13 in which an initial
staffing roster is described alongside a grid containing roster scores that result from moves
using the associated couplings. In this example some couplings result in trying to move staff
members from shifts where there are none available; for example any move that tries to take
a staff member from shift number 3. This is a physical impossibility and as such the search
algorithm assigns a very large score to the coupling to negate the possibility of use; note
that for this example higher quality rosters would be deemed as those with a lower score.
Then the most improving move would be given by the coupling (1, 3) representative of the
movement of a single member of staff from shift number 1 to shift number 3. This move is
attributed the lowest score when assessed using the objective function and as such represents
the move resulting in the greatest reduction in unmet demand.
Figure 4.13: Example initial staffing roster and score memory structure resulting from staff redis-
tribution based on all possible shift couplings.
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This process continues until no further improving move can be found, with a few additional
stages that are crucial to the success of the search. Firstly upon conducting a permanent
move, both of the involved shifts are assigned a tabu tenure which is set to some pre-specified
value. When future moves are considered this tenure is added to the score of any potential
rosters that will result from the use of either of these particular shifts. This will result in
a search that encourages diversity through forcing the selection of a wider variety of shifts
as opposed to making repeated use of the same ones. However, applying the tenure as a
penalty (instead of using it to simply rule out potential moves) will ensure that particularly
favourable moves which prove to be sufficiently improving as to overcome the tenure based
penalty may still be considered. For the purposes of the searches conducted in this research it
was desired to encourage localized intensification from the effects of tabu tenure, accordingly
then it was necessary to use a smaller value for the penalty; larger values would encourage
a broader but less detailed search. Through experimentation it was found that a value of 5
was suitable for this.
As more iterations of the search occur any further shifts used for permanent moves will also
be assigned the same tabu tenure. Additionally the tenure value assigned to each of the
previously tabu shifts will be decreased in order to begin allowing them to be more readily
used again; this also will result in the reduction of the associated penalty for their use. Such
decrease is achieved through reduction of tenure penalties by 1 at each subsequent iteration
of the search; for example, if a move were to be associated with a penalty value of 5 then
at the next search iteration this penalty will decrease to 4. This system should result in a
search that selects a wide variety of moves and so covers a larger area of the solution space
than a simple steepest descent algorithm would.
So continuing the previous staff redistribution example, now taking into account a tabu
tenure penalty function, a result similar to that shown in Figure 4.14 could be achieved. All
roster scores that involve the use of either shift number 1 or shift number 3 are marked with
a score penalty; these penalty values are indicated in parentheses adjacent to the unadjusted
score. There are several ways in which the tabu tenure could be applied at this stage. In
the example provided a penalty value of 5 has been attributed to any score resulting from
a coupling involving either of the shifts numbered 1 or 3; when shift 1 and 3 are coupled
together this is cumulated to a penalty score of 10. The benefit of this approach is that it
will assign a high penalty to both of the couplings (1, 3) and (3, 1), these representing a
repetition of the same move and the reverse of the previously conducted move respectively.
With the example of Figure 4.14, the most improving move available within it would be the
adjustment caused by coupling (2, 6) which gives a score of 135; this coupling represents the
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movement of a staff member from shift number 2 to shift number 6. However if tabu tenure
penalties had not been applied then the most improving move would have been given by the
coupling (3, 2) with a score of 134; with the penalty from the previously conducted move
included this score is boosted to 139 making (2, 6) a more attractive coupling.
Figure 4.14: Example staffing profile and scoring memory structure after an iteration of the staff
redistribution stage including sample tabu tenure penalties.
Alternatively tenure penalties could be applied only to moves that match one or both of the
conducted coupling elements more closely by penalizing moves that would be those going
from shift 1 and those going to shift 3 only. Thus moves of the form (1, x) or (x, 3) would
be the only ones penalized, where x is any other shift number; this would mean that the
reverse move (3, 1) would have no penalty attributed to it whatsoever. Indeed it is possible
to be equally selective only limiting moves that would encourage the reverse of that con-
ducted to occur, thus penalizing such that only moves of the form (x, 1) and (3, x) suffer
penalty. This is beneficial if it is likely that repeated performance of the same move would
provide a high benefit to final solution quality; with potentially a heavier and heavier penalty
being attributed to the reverse move, strongly preventing its occurrence. Indeed if desired
then penalties could be applied to only very specific moves based on the previously used
coupling. For example by penalizing both couplings that use the same 2 elements as were
previously selected with a tenure penalty; in this case this would be the couplings (1, 3) and
(3, 1), the coupling associated with the same move and that associated with its reverse. A
final consideration is to whether tabu tenure penalties would be applied cumulatively or in
replacement of each other where necessary. This would mean that in a situation where a
tabu-active element is allowed to be used, most likely through some aspiration criteria, that
the tabu tenure currently applied to that element would either be reset to the standard value
or increased by the base tabu tenure amount.
Within the C++ based search used as part of this research a series of 3 different moves are
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considered, requiring different methods of application of tabu tenure penalty. The first type
of move, redistribution of a staff member from one shift to another, is penalized through
the application of 2 different tenure penalties. A first penalty is applied to the element
representing the shift from which a staff member is moved and a second penalty is applied
to the shift to which the staff member is then moved. In this way individual donators or
receivers of staff are penalized within this stage of the search process. This is preferable to
simply penalizing all involved elements as there is potential for a strong donator to later
become a strong receiver of staff (or indeed a receiver could equally become a donator) and
with a penalization for such an element whilst it was active in its previous role, potentially
improving moves could remain unconsidered. For the second and third move types that are
involved with increase or decrease in shift starting and ending time penalties are applied
to whichever shift is selected for starting time adjustment. An example of the code used
in order to implement this penalization is illustrated in Figure 4.15. This segment of code
is implemented after all trial moves have been conducted and only if an improving move is
found. The first 2 lines implement the staff removal and addition processes that carry out the
best found staff member re-assignation process, following this records that these moves have
been conducted are logged with the increase of array values recording the number of times
each search element has been used. Finally the tabu penalties previously implemented are
updated through a ‘Tabu Update()’ subprocess (which reduces all prior tabu penalties by 1)
and new penalties are applied to the elements selected for the current move by updating of
‘Move Dist Tabu[i]’ values where the ith element of this array records the penalty attributed
to element i.
Figure 4.15: C++ code used to apply tabu tenure penalty in staff redistribution search.
When an optimum solution is found it is not possible to tell immediately whether it is a
local or a global one. In order to compensate for this it is necessary to force the search to
attempt to find other solutions by some method in which the current roster is perturbed
away from its solution and the search continued. In order to achieve this, a continuous log
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of the permanently conducted moves is maintained and upon reaching an optimum solution
the previous few moves are undone; essentially this returns the search process to a previous
state. This logging method is as shown in Figure 4.15. Prevention of the process leading
straight back to the same solution as previously is achieved through retention of assigned
tabu tenure values. Thus those moves that lead directly to a return to the same optimiz-
ing solution, being the most recently conducted, will have high tabu tenure values and still
suffer from large penalties. This will discourage the repeat selection of the same sequence
of moves and will help prevent the search becoming trapped at a single locally optimizing
result. After a sufficient number of optima have been found that offer no improvement over
previous solutions the best is declared to be a strong optimum and the search procedure
continues onto the next phase. Note that at this stage the best result that can be found
through adjustment of staffing levels around the base shift pattern has been found; the next
stage will result in adjustment to the shift structure itself.
This next stage is to consider the adjustment of shift starting times which is achieved through
a similar process as that for staff redistribution. The increase of every shift start time by
a single hour is considered individually with the resulting rosters each having their score
calculated as in the previous stage. Again the most improving of these moves is then con-
ducted as a permanent change to the roster and a tabu tenure value is assigned to the shift
which has been moved for the same reasons as before. Indeed the same process is observed
as regards application of tabu tenure as a penalty to the score of potential future moves;
further the same approach is taken for perturbation and continued search upon the discovery
of an optimal solution. The very similar third stage following this is to perform the exact
same procedure with the only change being that potential moves result from a reduction in
the start time of shifts by 1 hour instead of an increase by the same amount.
For a move involving the increase or decrease of a shift start time, only a single element
will be adjusted. This will mean that only one element will obtain tabu-active status and
be assigned a tabu penalty per iteration of the search process. Thus tabu tenures for these
2 search stages are stored in a simple array, named Move T imes Tabu[]; note that only 1
such array is necessary as only one search type will occur at a time, with all values in the
array being zeroed between searches allowing it to be reused.
For a final stage, the optimizing search first conducted, in which staff numbers are redis-
tributed amongst the defined shifts, is performed once more to take maximum advantage of
any start time adjustments that may have occurred. At this point the program will, if set
to do so, generate one or more of the output files described within subsection 4.4.4 and then
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terminate.
4.6 Results
4.6.1 Tabu Tenure Variation
For each problem considered the search procedure is run a number of times using variation
in the tabu tenure penalty values attributed to each move as it is performed. The intent of
this was to attempt to investigate any relation between the tenure values and the quality
of solution produced and the number of search iterations required to attain it. The tabu
search methodology was applied through use of the 3 defined move types in the order of
staff redistribution followed by shift starting time increase and finishing with shift starting
time decrease. Figure 4.9 provides a sample of such output using variation in tabu tenure
penalties for the NL region of Leicestershire considered over a full calendar week. The quality
of roster scores contained within this table represent the average number of incidents that
would be expected not to be immediately met over the week considered; this is quantified as
all unmet demand using the input demand profile and the final output staffing roster. In this
table ’Tenure 1’ and ’Tenure 2’ refer to the numeric penalty values that are attributed to the
optimizing moves conducted in order to temporarily inhibit their repeated use. Thus in Table
4.9 the region with tenure 1 varying from 3 to 6 and tenure 2 from 11 to 13 yields the highest
quality solution purely in terms of minimization of unmet demand. The secondary shaded
region indicates those solutions that are of a higher quality than that achieved through
simply performing a steepest descent type search; this being equivalent to the tabu search
but with all tenure values being set to 0.
Further investigation of tenure variation was conducted by performing a series of tests upon
each of the 18 trial problems. Tabu tenures were allowed to take every integer value from
0 to 20 for each stage of the search with the best resulting score discovered from this series
of searches recorded and presented here alongside the steepest descent results in Table 4.10.
In cases where the wide tabu search offers no improvement over steepest descent it was
commonly seen that a large range of potential tabu tenure values all resulted in providing
the same final optimum. This is strongly suggestive that in these cases there are only a few
moves that may be performed before a strongly attractive optimizing result is found; indeed
the effects of the tabu tenure may never come into use in these problems. In contrast, where
the wide tabu search outperforms steepest descent it is often seen that a very small range of
values provide the strongest optimum solution; however a larger range of tenure values are
still seen to outperform the steepest descent approach.
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Table 4.9: Table collecting best roster scores through variation in tabu tenure penalties when
applying the tabu search method to the NL region trial problem.
An alternative explanation for this behaviour could be that many (or even all) moves that
occur within the search are very strong in leading towards optimization. This would mean
that the tabu tenure penalties could be too low to have any real impact upon the path
taken to optimization; the optimizing moves in this case being regularly so strong as to
overcome any penalty placed upon them. It could also be the case that a specific sequence of
moves lead to optimization that would fall in such a way that tabu tenure will never result
in the disqualification of an otherwise optimizing move; this particular scenario is highly
improbable however.
With 12 of these 18 results showing an improvement using tabu search over steepest descent
(with both searches providing the same quality solution in the remaining 6 cases) it is quite
strongly suggested then that careful selection of appropriate tabu tenure penalty values can
have great effect on the strength of tabu search. Indeed 16 of the searches see an improvement
from the simple tabu search results shown in Table 4.13 with the other 2 showing no change
to the best solution. This is likely due to the fact that in these cases there is very little
adjustment available; thus making it also probable that in finding the same result, each of
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Table 4.10: Roster score comparison for each of the Leicestershire policing regions using steepest
descent method and wide tabu search.
Region Steep. Desc. Wide Tabu Search
City 41.0713 39.2445
North 31.7892 28.2949
South 31.0179 26.7015
CB 25.986 25.986
CH 54.7174 53.8537
CK 6.72969 6.72969
CM 23.1931 21.6322
CN 3.42615 3.39677
CW 13.8965 13.0519
Region Steep. Desc. Wide Tabu Search
NH 18.2212 18.2212
NL 33.4453 28.6547
NM 2.39284 2.39284
NR 5.6325 5.6325
NW 61.9436 60.1158
SB 27.9267 26.1
SH 68.7975 65.1906
SM 5.58638 3.38512
SW 5.13775 5.13775
the 3 searches have found a global optimum. Figure 4.16 displays a graphical representation
of the best rosters found using the steepest descent approach and tabu search methodology.
In this graph the shaded region is indicative of expected demand, the solid line illustrates the
result from tabu search and the dashed line the result from steepest descent. Though there
is not a strong difference in these rosters (as evidenced by the similarity in objective function
value) it is shown that they differ primarily in the times at which shift overlaps occur. This
is suggestive that the tabu search is better able to monopolize upon the potential benefit
that such periods within a roster may have upon solution quality. From these results it can
be concluded that tabu search offers a viable avenue for exploration of the solution space
available for problems of this nature; though importantly it should be noted that it is far
more well suited to problems that have larger potential solution spaces. For the benefit of
comparative research into the effectiveness of addition of or adjustment to search mechanisms
used, it is suitable to fix the tabu tenure penalty to some constant value so long as the same
value is used for each method being compared. In this way, future trials were conducted using
a fixed tabu tenure penalty of 5 for all problems allowing immediate comparison between
the increased effectiveness provided by techniques considered.
4.6.2 Full Search with Staff Redistribution
It was important to validate the notion that re-performing the staff redistribution search
technique after varying the shift start times did indeed provide a benefit to the quality of
solutions. In order to do so, all 18 of the test problems were conducted using the full search
procedure described in subsections 4.3 and 4.5 and then re-conducted following the same
procedure minus the second staff redistribution stage. firstly the search distributes staff as
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Figure 4.16: Graph comparing best rosters obtained through steepest descent and tabu search
methods.
best it can across initially defined shifts using the first type of move and then proceeds to
attempt increase and then decrease of shift starting times with the second and third move
types respectively; each of these move types is used until a point is reached at which no
further improvement may be found, whereupon the search proceeds to the next move type.
With the additional staff redistribution stage, the search will continue until all 3 of the move
types have been used fully and will then attempt to use moves of the first type again in
redistributing staff across the redefined shifts. For each stage of the search process in every
one of the test problems the tabu tenure penalty was set to a constant value of 5. Further the
search was set to terminate upon discovery of a first optimizing result and did not use the
multiple minima search diversification as previously discussed. The results of this are sum-
marized within Table 4.11, where the best found locally optimizing solutions for the searches
running both with and without the additional staff redistribution stage are presented for
each of the 18 trial problems. It is quite clear from this that in many cases (11 out of the
total 18) an improvement to the final optimum solution is found; this improvement ranging
anywhere between 0.22% and 10.97%, with an average of 2.34% taking all 18 comparisons
into account. This would strongly suggest that, as would be expected intuitively, the in-
clusion of the second staff redistribution step is beneficial to the quality of final solutions
produced by the search method.
To aid in illustration of these differences, Table 4.12 contains example weekly rosters for the
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Table 4.11: Results from testing tabu search both with and without a secondary staff redistribution
search stage.
Region Without With
City 42.8179 39.784
North 34.1045 31.7311
South 34.0722 30.3353
CB 26.8237 26.3009
CH 55.8845 55.8845
CK 6.79866 6.72969
CM 25.3516 25.3516
CN 3.6575 3.6575
CW 15.2636 14.954
Region Without With
NH 20.3039 20.3039
NL 34.3023 32.7987
NM 2.48192 2.39284
NR 6.11011 6.11011
NW 62.083 61.9436
SB 28.8637 27.9267
SH 69.243 68.7975
SM 4.7377 4.7377
SW 5.23825 5.23825
City region. These rosters describe results gained through application of the tabu search
procedure either with or without the additional redistribution stage in addition to the initial
profile used to set up the problem. Important to note is that the total number of staff as-
signed over the whole week remains the same at 350 staff members. Currently no potential
to reduce staffing numbers is included as part of the objective of the search and accordingly
the problems are designed to instead search for best use of available staff in a situation
where not all demand may be immediately met. Though the total staffing levels are the
same Table 4.11 shows that in the majority of cases the results produced with the additional
staff redistribution stage are of better quality than those produced without it. Indeed the
City problem is shown to see an improvement from 42.8179 to 39.784 surplus demand re-
maining; the positioning of staff members as illustrated in the ’without’ and ’with’ columns
of Table 4.12 are those representative of the rosters resulting in these objective function
scores respectively. The ’without’ columns will dictate the state of the search process that is
reached before the additional staff redistribution stage is occurred; thus differences between
the ’without’ and ’with’ columns will illustrate all optimizing moves conducted within this
final stage.
4.6.3 Comparison with Steepest Descent
It is possible to compare the tabu search application considered with results that would
have been attained using the same search method but with a simplistic ’steepest descent’
approach. This method would be identical to performing the same search with no tabu
tenure restrictions in place whatsoever upon the search; this would mean that the best move
would be selected at each stage until the first optimum solution is found, at which point
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Table 4.12: Comparison of initial roster with rosters resulting from application of the optimizing
search method with and without the additional staff redistribution stage on the City trial problem.
the search terminates. The steepest descent will follow the exact same move sequence as
the tabu search, in which it will proceed through the 3 types of move in sequence until
no further improvement to solution quality is found. Scores for rosters found in such a
’steepest descent’ method are contained within Table 4.13 alongside the scores for the tabu
search method; further note that both the steepest descent and tabu search make use of the
additional staff redistribution stage in these results. For the tabu search method all tabu
penalty values assigned were again set to the constant value 5. Though in some of the trial
problems this was seen not to be the strongest performing tenure penalty, it was a suitably
high performance value that when fixed to a constant allowed for simpler batch runs of trials
to be performed.
These results suggest that the tabu search is weaker than simple steepest descent search
when used upon this series of problems in this fashion, providing improvement in only 5
of the 18 problems. Indeed in 8 of the 18 tests the steepest descent algorithm is seen to
outperform the tabu search. Importantly however it is in cases where there are greater staff
levels available for distribution amongst defined shifts that the tabu search is seen to be
the strongest performer. This is suggestive that the tabu search is only useful in problems
in which a greater level of system variation is possible. This is almost an intuitive result
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Table 4.13: Roster score comparison for each of the Leicestershire policing regions using steepest
descent method and the simplest tabu search approach.
Region Steepest Descent Simple Tabu
City 41.0713 39.784
North 31.7892 31.7311
South 31.0179 30.3353
CB 25.986 26.3009
CH 54.7174 55.8845
CK 6.72969 6.72969
CM 23.1931 25.3516
CN 3.42615 3.6575
CW 13.8965 14.954
Region Steepest Descent Simple Tabu
NH 18.2212 20.3039
NL 33.4453 32.7987
NM 2.39284 2.39284
NR 5.6325 6.11011
NW 61.9436 61.9436
SB 27.9267 27.9267
SH 68.7975 68.7975
SM 5.58638 4.7377
SW 5.13775 5.23825
as tabu search routinely restricts the amount of available moves at each search iteration;
in situations where there are fewer moves then the restriction imposed may be too severe.
Indeed, in Figure 4.16 wherein a graphical comparison of rosters resulting from tabu search
and steepest descent application are presented, it is seen that the tabu search is able to
improve solution quality through optimization of the regions at which shift overlaps occur.
In regions in which there is less staff flexibility it is likely that adjustment to these overlaps
will provide lower quality solutions, reducing the potential impact that tabu search may
provide. It may then be possible to counter this and encourage the wider application of tabu
search through variation of the tabu tenure penalty values; if moves are freed sooner then
it may be more applicable to these problems with fewer available moves. This would also
suggest that an increase in tabu tenure values could potentially force a more diverse search
and thus greater success rate in searches with a very large amount of available moves; the
top 5 such problems being the ones showing improvement using the simple fixed tenure tabu
search.
4.7 Summary
The work conducted in this chapter has resulted in the creation of a tabu search method that
is suited to the Police staff rostering problem. This tabu search approach has the following
key factors:
• Follows a pattern of move application in which staff are first distributed across de-
fined shifts, the starting times of these shifts are then adjusted and a secondary staff
redistribution search is implemented. In the terms of the moves as defined in Section
4.4.2 this is equivalent to performing moves of type 1, type 2, type 3 and finally type
1 again.
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• Use of tabu tenure penalties based upon the recency with which individual search
elements were last used to conduct a move within the search process. The most com-
monly seen most well suited tenure penalty was 5, this meaning that used elements
will remain penalized for the following 5 search iterations.
• Performs until a solution is found such that it has no neighbouring solution of better
quality.
4.8 Potential Improvements
A potential route for development comes in the form of a different type of objective function.
Leicestershire Police make use of specific target figures for their attendance to incidents of
grades 1 and 2; these targets being the attendance of 85% of grade 1 incidents within 15
minutes and attendance at 80% of grade 2 incidents within 60 minutes. In defining a series of
incidents that occur throughout a calendar day it should be possible, through consideration
of available Police staff, to provide some estimate of the percentage success rate in meeting
these targets. Further, using this as an objective function would create a more directly ap-
plicable and understandable measure of success to the Police business.
One of the areas which provides most scope for improvement is that of inclusion of diversi-
fication techniques; these should encourage a much broader search of the potential solution
space and begin to take full advantage of the strengths of tabu search. It could also prove
beneficial to begin to take into consideration intensification stages that search more thor-
oughly highly promising looking areas within the solution space. With inclusion of either or
both of these additions it would be expected that solution quality could vastly improve in
many of the trial problems used here. Chapter 5 discusses options for both of these categories
of search augmentation and also describes other adjustments made to the tabu search along
with results from their application.
4.9 Conclusions
This chapter has shown that tabu search is a valid option for use in optimization of the
target staffing to demand problem presented by Leicestershire Police. Major topics covered
in this chapter are:
• Introduction and discussion of key aspects of the tabu search algorithm.
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• Creation of a tabu search algorithm that is tailored to the problem of resourcing to
demand.
• Presentation of C++ code used in implementation of the customized algorithm.
• Testing of search parameters and comparison against other search techniques.
Through this testing and the results presented within Section 4.6 it was seen that:
• The tabu search method created is capable of outperforming a steepest descent based
local neighbourhood search algorithm.
• For each of the trial problems considered a particular range of tabu tenure penalty
values exist that will result in provision of best solutions in each case.
• The ordering of moves trialled by tabu search was an important factor and it was found
that an additional staff redistribution stage within the search resulted in improved
solution quality.
There is still potential to further enhance the quality of the search algorithm through imple-
mentation of more advanced techniques available to the tabu search; for example diversifi-
cation and intensification techniques. These techniques should be able to address the strict
limitation currently placed upon the search through the rigidly defined shift structure over
which staff are optimized and indeed should allow the discovery of a best series of shifts
with a best assigned staffing allocation. Work detailing this is included within the following
chapter.
106
Chapter 5. Tabu Search Advanced Implementation
5.1 Introduction
The tabu search method is able to reach beyond the scope of a basic local neighbourhood
search or steepest descent search through the inclusion of search process modifiers. These
modifiers act based upon knowledge gained from previous search iterations or even from an
entire previously conducted search. The method in which this information is utilized and
precisely how it is applied in order to perturb a tabu search (either in progress, or as it
initiates) will vary with application. All such methods will however fall into the category
of either a diversification technique or an intensification technique. In brief, the use of a
diversification method will encourage perturbation of the search procedure in such a way that
a wider region of the potential solution space is investigated. The alternative, intensification
approach, instead aims to identify particularly strong regions of the solution space and more
thoroughly investigate them by constraining the search in some manner. This chapter will
discuss both of these approaches to tabu search modification in the pursuit of improving
the tabu methodology for Police application in more detail and will describe applications
of both these methods to the tabu search algorithm defined in Chapter 4. Results of the
application will be provided and it will be shown that diversification at least offers potential
for improvement to search quality.
5.2 Diversification
5.2.1 Introduction to Diversification Techniques
The primary objective achieved through successful application of a diversification technique
is to increase the region of the potential solution space considered whilst performing a tabu
search. Through consideration of a more diverse population of solutions the search should
be discouraged from becoming trapped at any particular strong local attractor. To achieve
such diversification, the search must be either forced or encouraged to investigate different
areas within the solution space than it would usually encounter. This may be accomplished
through perturbation to the search method that may occur either as an active component
throughout or as an additional phase within the search initialization process. Within this
research, 2 particular approaches have been considered, a newly constructed ‘multiple minima
diversification’ and a more traditional ‘restart diversification’.
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5.2.2 Multiple Minima Diversification
A fairly commonly used stopping criteria within optimizing search is the condition that a
specific number of iterations has passed with no improvement provided to solution quality.
This number of iterations should be, by design, sufficiently large so as to be confident that a
wide enough search of the solution space has been performed in providing a strong optimizing
result. However tabu search will not be able to perform adequately with such an option as
the basic search acts as a modified local neighbourhood search in finding a single attractor.
An alternative method used in this research is to instead perturb the search process at any
point at which a locally optimizing result is found; resulting in what is named a ‘multiple
minima search’.
An example of perturbation that occurs throughout the search process that was considered
and tested within this research is a multiple minima search. The base idea behind this
diversification is to perturb the search away from any discovered locally optimizing solution
and encourage it to find another alternative solution within some local vicinity; accordingly
this perturbation is set to occur upon discovery of a locally optimizing result. Perturbation
was achieved through reversal of a number of the most recent iterative steps taken towards
optimization; effectively this results in returning the search to a previous state that occurred
a set number of iterations ago. It is important to prevent the search from proceeding along
the same route to optimization, which would result in rediscovery of the previous optimizing
solution. In order to achieve this, the tabu tenures associated with the moves subject to
reversal in the perturbation are retained. Thus the search will return to a prior state and
with the previous optimization path being heavily penalized it will be encouraged to explore
an alternate route ideally ending in a different solution. Each solution discovered is logged
before perturbation with the relative strengths of each compared in order to provide the
best solution upon final search termination; the strength of each solution being quantified
through use of the surplus demand based objective function.
The results from application of this method will provide a benchmark figure from which
other more complex techniques may be assessed. First the search algorithm will proceed
until no more improving moves can be found in the neighbourhood surrounding the current
best solution. At this point the current best solution will be perturbed and the search will
then continue. In order to perturb the best solution the 5 most recently occurring moves
will be reversed forcing the search back along the search path to a previously considered
solution. However whilst the most recent moves are essentially undone their tabu tenures
will be retained; this being the reason for reversal of only the 5 most recent moves, as
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with a maximum tenure of 5 it is guaranteed that each of the reversed moves will still
have some penalty associated with its repeated use. This will discourage the search from
making the same choices of move and providing the same best solution again due to the
heavy score penalties that would be involved in reusing the still tabu-active elements. This
process of obtaining an optimizing result, back-tracking from it and then continuing the
search is repeated 9 times so that in total 10 locally optimizing solutions are found; the
best of these would then be selected as the most optimal result. A series of searches were
conducted allowing up to 1000 minima to be discovered by this process and in no cases
was an improving solution discovered beyond the 10th generated; from this it was chosen to
terminate the multiple minima search after 10 optima are found in order to reduce calculation
time.
5.2.3 Restart Diversification
A restart diversification approach is implemented through perturbation of the starting con-
ditions of a search by considering the results of a previously conducted search. Such pertur-
bation is achieved through selection of a few of the system variable parameters and forcing
the solution into a new region of the solution space by setting them to infrequently used
values. These variable parameters would be any part of the solution that may be adjusted
using any of the search transformations (or moves) defined for use by the search procedure.
Within this research, a potential solution is a staffing roster that covers a desired period of
time through definition of a series of shift starting times, shift durations and staffing alloca-
tions. Of these, the staffing allocations are highly variable within the tabu search itself and
would not be well suited to restart diversification as any changes caused by it would likely be
undone early within the iterative search process. Though shift duration could be adjusted,
it is unlikely in the real world to stray far from a preset value and indeed there are many
potential conflicts with the working time directive that may arise from its adjustment. Thus
the only suitable option is to allow changes to be made to shift starting times by restart
diversification.
The next challenge in order to apply the method was in identification of the elements that
will be perturbed upon restarting the tabu search. As it is sought to investigate previously
unexplored regions of the solution space, it would be reasonable to attempt to identify (and
thus select for perturbation) those shifts that are least used within a previous search. Within
the 2 search stages that are involved with trial adjustment to shift starting times, a count
was recorded for each shift that detailed the amount of times it was selected for either an
increase or decrease in starting time. Those with the lowest count would be those that
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were least selected (or used) throughout the search. It is reasonable to assume from this
that a perturbation to these least used shift starting times would force the search to enter
a previously unexplored region of the solution space. Indeed, if only those shifts that were
completely unused within the previous search were to be subjected to restart diversification
then it would be guaranteed that unexplored solutions would be considered during the sub-
sequent search.
With a series of shifts defined that are suitable for restart diversification it was necessary to
define what perturbation would be applied by the method to each of them. For this, a range
of values was defined which could be applied as a direct addition to shift starting times;
negative values were also included in the range to allow for starting time reductions. For
each shift selected for perturbation a value would be randomly generated from within this
range and applied to the starting time. For example, with a range of {−1, 0, 1} a selected
shift could either have its starting time decreased by 1 hour, left unchanged or increased by
1 hour. It could potentially be of benefit to consider a weighting to the probabilities used
in selection of perturbation values however it was seen within this work that a uniform dis-
tribution was well suited; thus each value in the range having equal probability of selection.
With such a distribution the chance of a shift remaining unperturbed is lower than that of
it being perturbed and importantly the chance of perturbation increasing shift starting time
is equal to that of perturbation decreasing starting time. Through this then, variation will
commonly be encouraged within selected shifts and indeed with equal possibility of increase
or decrease of starting time it would be expected that overall system structure variations
would remain within some neighbourhood of the initial solution. Thus by design of the initial
solution, some expected level of control will exist within final generated system optima.
5.3 Intensification
5.3.1 Introduction to Intensification Techniques
The most commonly used form of tabu search intensification technique is to discover poten-
tially profitable regions of the solution space and to focus the search on these regions as it
progresses. This is usually achieved through the continuous updating of a list of the most
recently conducted moves, with this list being used in order to indicate repeat use of any
given search element. Upon identification of such a search element, the search will progress
using a restriction on the available moves considering only those that involve the identified
element until a locally optimizing result is found. When an optimizing solution is found
using this intensification, the restriction upon available moves is lifted and the search will
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continue as usual.
A method of this style was not appropriate within this research as it was seen to work counter
to the multiple minima diversification approach. Indeed use of this basic intensification was
seen to harm the quality of solutions found in this case by essentially forcing the search to
favour strong local optima. Indeed trial searches conducted upon the 18 LPU and BCU
based problems using such an intensification technique were seen to be often outperformed
even by the steepest descent approach mentioned in Chapter 4. Results from such a series
of trials are displayed within Table 5.1 where it is clearly seen that the tabu search with
intensification is outperformed in 12 of 18 cases and indeed only matches the result of steep-
est descent in the other 6. Entries in the ‘Tabu’ columns indicate roster scores obtained
through use of standard intensification and those in the ‘Steepest Descent’ columns show
scores from application of the steepest descent technique. Thus in order to investigate the
potential benefit of search intensification it was necessary to consider alternative forms of
the technique and indeed to create an entirely new approach, namely restart intensification.
Table 5.1: Roster score comparison for each of the Leicestershire policing regions using steepest
descent method and tabu search with intensification.
Region Steepest Descent Tabu
City 41.0713 41.5603
North 31.7892 32.2841
South 31.0179 33.4214
CB 25.986 26.451
CH 54.7174 56.7122
CK 6.72969 6.72969
CM 23.1931 24.5651
CN 3.42615 3.42615
CW 13.8965 13.8965
Region Steepest Descent Tabu
NH 18.2212 19.8124
NL 33.4453 33.5869
NM 2.39284 2.39284
NR 5.6325 6.0317
NW 61.9436 61.9436
SB 27.9267 29.5487
SH 68.7975 70.1749
SM 5.58638 5.60133
SW 5.13775 5.13775
5.3.2 Restart Intensification
The alternative intensification method was designed to adjust the initial distribution of avail-
able staff members before initialization of the main tabu search itself. There is potential for
increase to solution quality through this as the preliminary search should result in an im-
proved starting solution for the main tabu search; effectively the second stage of the search
will then initiate in a more profitable region of the solution space. This is achieved through
conducting a preliminary search that uses only a restricted subset of available elements. In
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order to identify such elements to be used within the preliminary search information is drawn
from a previously conducted optimizing search. In a similar style to the restart diversifica-
tion method, the restart intensification considers the frequency with which each element of
interest was selected for use within the previous search. In this case, with staff distribution
being of interest, 2 separate counts are kept for each shift; one count records the amount
of times that a staff member is moved to that shift and the other the amount of times a
staff member moves from it. In contrast with diversification however the point of interest
this time is in discovery of those shifts that are most commonly used, being those with the
highest expected benefit either as a donator or receiver of staff members.
With a set of most commonly used elements defined, the preliminary intensification search
process may be applied on restarting the search in order to perturb the initial roster be-
fore implementing the tabu search process. The preliminary search performs precisely as a
local neighbourhood search acting with a restricted set of available moves. By default this
restricted move set is defined to allow only those moves in which staff are transferred from
previous common donators to previous common receivers. Alternative move set restrictions
are also defined through placement of restriction only upon the donating shifts or receiving
shifts, these allowing a greater level of diversity within the restart intensification.
5.4 Computer Implementation of Multiple Minima Diversification
As an aid to clarity, the flow chart displayed in Figure 5.1 describes the process of implemen-
tation for a tabu search using all of the following described diversification and intensification
approaches. This shows not only how multiple minima diversification is incorporated but
also restart diversification and restart intensification that are described in more detail within
section 5.5.
For this, each stage of the tabu search will maintain a record of the most recently conducted
moves towards optimization; for the starting time variation search stages a single line array
named ‘Move Times Record[i]’ is used for this purpose, whereas for the staff redistribution
search stage an array named ‘Move Dist Record[j][i] is used instead. In the first of these
cases the array records simply the number of the shift that has been subject to starting time
perturbation with the value of i indicating the recency of the perturbation. So for example,
Move Times Record[2] would record the value for the second most recently occurring pertur-
bation. In the second case the first array element (j) indicates whether a staff member has
been moved to or from a particular shift; again the second value i indicates te recency of the
perturbation. For example Move Dist Record[1][i] would indicate that a staff member had
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Figure 5.1: Flow chart describing the overall tabu search process with diversification and intensi-
fication techniques.
been moved from a shift whereas Move Dist Record[2][i] would show that a staff member
was moved to a shift.
The multiple minima diversification makes use of these arrays in identifying the most recent
of the previously conducted moves in order to allow for their reversal upon discovery of a
locally optimizing solution. When such a solution is found code following the steps shown in
Figure 5.2 is implemented to cause the move reversal process; the code presented is for the
stage of the search at which shift start time increase is investigated. The first if statement
is used to check whether a desired number of local minima have yet been discovered, by
default this has been set to 10 such that the move reversal process will occur 9 times in total
prompting the discovery of 10 local optima. For all non-zero values within the list of moves to
be reversed a subroutine named ‘Shift Start Change()’ is called to perform the shift starting
time re-adjustment. Upon the reversal of a move, it’s record within the Move Dist Record
array is overwritten by that for the perturbation which occurred 5 moves previously. In this
way the most recently occurring 5 moves are reversed and the list of most recent moves is
updated such that the 6th through 10th most recent become the 1st through 5th.
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Figure 5.2: C++ code detailing multiple minima diversification implementation.
5.5 Computer Implementation of Restart Diversification and Restart
Intensification
As mentioned within Sections 5.2.3 and 5.3.2 one of the key requirements in order to im-
plement a restart diversification or intensification technique is the recording of useful infor-
mation from a previously conducted search. In order to achieve this a series of 3 arrays are
used that record the number of times each of the available shifts is selected for adjustment
between iterations of the search; that is, the number of times a move of a given type is
applied to each shift. The first of these arrays is named Start Adjust[i] and (as with the
other 2 search data recording arrays) is initially created with each element set to a value of
0. As any shift is selected for starting time adjustment within either of the shift start time
redistribution stages of the tabu search process the associated element of the Start Adjust
array will be increased by 1. As each shift is identifiable by an integer value this means
that if shift number X is perturbed then Start Adjust[X] will be increased by 1. The other
2 arrays are named Level Adjust To[i] and Level Adjust From[i] and are used within the
staff redistribution stages of tabu search in order to record the number of times a shift is
selected to have a staff member moved to it or from it respectively. For example, if the most
beneficial move at a particular iteration of the staff redistribution search is to move a staff
member from shift X to shift Y then Level Adjust To[Y ] and Level Adjust From[X] would
both be increased by 1 to reflect this.
The restart diversification process is contained within a ‘Restart Diversification()’ subrou-
tine that makes use of the array Start Adjust in identifying and perturbing those shifts with
starting times that were least adjusted during the previously conducted search. In order to
implement this a call to the subroutine is performed after the search has been returned to the
initial state, thus providing perturbation to the tarting roster for the next search conducted.
The subroutine performs using the code illustrated in Figure 5.3. The if statement identi-
fies whether the currently investigated shift k meets 2 criteria, firstly that the starting time
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was completely unperturbed (Start Adjust[k]== 0) and that it is not the first of the defined
shifts (k > 1). In all of the trial problems defined for use by the various search methodologies
attempted in this research, shifts were defined within the input .txt files in chronologically
ascending order; due to this the earliest starting shift is always the first numerically recorded
within the C++ programs. The second criteria then ensures that the earliest starting shift
may not be perturbed at all, preventing it from being allocated a starting time that falls
before the start of the time period being investigated.
Figure 5.3: C++ code detailing the ‘Restart Diversification()’ subroutine.
Restart intensification is also accomplished through a call to a subroutine upon search restart,
this time the subroutine being named ‘Restart Intensification()’. This is a more complex pro-
cess than the restart diversification as it is necessary to perform a preliminary tabu search
process as part of the subroutine. The first step of the intensification subroutine is in using
the data recorded within the arrays Level Adjust To and Level Adjust From in identifica-
tion of those shifts that were the most common donators and receivers of staff within the
previously conducted search. To achieve this, first the most commonly used shift of each
type are found and then 2 subsets of all available shifts are defined which are comprised
of this shift and those that are used nearly as much. The method by which this occurs is
illustrated within the C++ code shown in Figure 5.4. The first for loop within this code
finds the maximum recorded value within the Level Adjust arrays and stores them within the
previously unused Level Adjust To[0] and Level Adjust From[0] array entries. With these
discovered the second loop creates a subset of all those shifts which were used as donators or
receivers of staff an amount of times within some range of the most commonly used. Within
the sample shown, an example condition is set such that only those shifts that were used at
least 75% of the times that the most commonly used was are considered within the created
subsets. This value was selected through consideration of the number of times individual
elements were commonly seen to be selected through a tabu search process; it was com-
monly seen that approximately a third of available shifts would be utilized within the 75%
range. From this 2 subsets of shifts are defined that are then used as the exclusive set of
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shifts from which the preliminary search is conducted; these subsets being Shift Intens To[k]
and Shift Intens From[k]. The preliminary search performs in the same way as the base
tabu search method except that it may move staff only from those shifts recorded in the
Shift Intens From subset and only to those in the Shift Intens To subset.
Figure 5.4: C++ code detailing the ‘Restart Intensification()’ subroutine.
5.6 Results from Diversification and Intensification
With suitable diversification and intensification methods defined for application within the
tabu search algorithm it proved suitable to trial their use individually and in collectives in
order to assess the impact upon resultant solution quality.
5.6.1 Multiple Minima Diversification Implementation
Being the simplest method to incorporate within the defined search algorithm, the first
trials involved inclusion of only the multiple minima diversification alongside the base search
approach. There is one key factor that may be varied at the initiation of the defined tabu
search method, namely the tabu tenure penalty. In this case and all of those following, the
tabu tenure penalty approach used remains the same. The tabu tenure considered is a recency
based objective function penalty that directly subtracts the current tenure values associated
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with any tabu-active elements for each move investigated. For example, a potential move
that involves 2 tabu-active elements with recency tenure 4 and 3 respectively would have a
penalty of 7 applied to its objective function value. The maximum recency tenure applied
for each move is 5, as such any element involved in a move will be marked with a tenure of
5 with this value decreasing as further search iterations occur.
Upon application of the multiple minima diversification to each of the trial problems, a set of
comparisons were made between searches terminating after finding only the first local optima
and ones using the multiple optima search method as described. The multiple minima search
process was set to allow the algorithm to find up to 10 unique locally optimizing results for the
searches involved for each move type. The results of this are displayed in Table 5.2 for each
of the 18 test problems. Within this figure, the columns titled ‘Multiple’ indicate the best
roster scores found using multiple minima diversification with tabu search and the column
titled ‘Single’ show best roster scores from using just tabu search with no intensification or
diversification techniques. This data would seem to suggest that the multiple optima search
process was of no benefit at all within the 18 test problems; indeed this result indicates that
no improvement to the best roster has been made beyond the first optimum found.
Table 5.2: Comparison of tabu search results using single minima and multiple minima search
procedures.
Region Multiple Single
City 39.784 39.784
North 31.7311 31.7311
South 30.3353 30.3353
CB 26.3009 26.3009
CH 55.8845 55.8845
CK 6.72969 6.72969
CM 25.3516 25.3516
CN 3.6575 3.6575
CW 14.954 14.954
Region Multiple Single
NH 20.3039 20.3039
NL 32.7987 32.7987
NM 2.39284 2.39284
NR 6.11011 6.11011
NW 61.9436 61.9436
SB 27.9267 27.9267
SH 68.7975 68.7975
SM 4.7377 4.7377
SW 5.23825 5.23825
Effectively this means that each of the further locally optimizing solutions discovered are
worse than the first for each of the trial problems considered. However the inclusion of this
stage does at least ensure that the search results provided are optimal within a larger region
of the search space; up to 9 more nearby optima have been found in each case that provide
no improvement to the best found solution. For example, the solution quality values of all
10 optima discovered when applied to the City region problem are illustrated in Table 5.3
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Table 5.3: Objective function values for each of the 10 local optima found using multiple minima
search on the City region problem.
Optimum Objective Function Score
1 39.784
2 40.326
3 42.135
4 41.287
5 39.920
6 40.158
7 39.784
8 41.115
9 43.217
10 40.892
It would appear that the 9 local optima discovered through multiple minima diversification
in this example provide no improvement to the quality of the first solution found in this
example. In this case it may be stated that the first found solution is the strongest available
within some sub-region of the solution space and a stronger diversifying perturbation would
be required in order to reach an area of the solution space where a stronger solution may be
found. One method of achieving such a perturbation within the search is through the use of
restart diversification.
5.6.2 Restart Diversification Implementation
The restart diversification approach was next tested in conjunction with multiple minima
diversification, however the metric by which success of the method would be measured was
also changed. Due to the semi-random nature of restart diversification it is possible that any
search for which it is used within the initialization process may perform better or worse than
another. Thus it was more suitable to consider the rate of success provided by inclusion of
restart diversification, that is the percentage of searches in which it provides an improvement
to solution quality over that obtained without it. To calculate such a ratio 10000 repetitions
of the tabu search were performed upon a single trial problem, with each repetition being
used in order to inform a restart diversification applied to the next. It may at first appear
that 10000 searches is a very large amount to conduct in generation of such a success rate
figure, however there are approximately 5.003∗1016 possible post-diversification search start-
ing points. It is through the compilation of data from a previously conducted search that
suitable shifts for adjustment are chosen and 1 of these many starting points is intelligently
generated. The trial problem selected for use was that based upon data collected for the City
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BCU region of Leicestershire as this provided the most flexible problem with the greatest
scope for solution variation. The restart diversification itself acted as described in Section
5.2.3 with least used shifts in a previous search being defined as those that are unused for
the entirety of the search. Table 5.4 describes results obtained through a series of 4 trial
runs, each consisting of 10000 tabu search repetitions with restart diversification; 4 trials
were used in order to provide the ability to spot potential outliers within the results.
Table 5.4: Rates of solution improvement seen using several trials of basic restart diversification
with tabu search.
Run Improvements - (Rate) Best Roster Score
1 1740 - (17.4%) 24.9836
2 1704 - (17.0%) 23.4397
3 1647 - (16.5%) 24.8579
4 1729 - (17.3%) 23.4612
Average (17.1%)
It should be noted that such an increase in the amount of searches conducted in order to
generate a final result had an effect upon the total calculation time required; indeed this
is as anticipated with 10000 full searches being conducted for each run. The average time
for total run completion rose from a couple of seconds up to the region of 20 minutes. The
restart diversification for the first runs was limited to only allow adjustment of the defined
shift starting times by up to a single hour; in effect this meant that a shift starting time
selected for perturbation could (through random selection) be increased by 1, decreased by
1 or left unaltered. The same restart diversification process was conducted upon each of
the 15 LPU based trial problems in order to provide further depth to the generated results
and to investigate for any results of note. Summary results from these conducted searches
are included in Table 5.5. These results display the average rate of improvement and best
roster score found during 4 searches; again this number being performed in order to allow
for identification of any anomalous results.
To follow this, another series of 4 runs were conducted with a more powerful restart diver-
sification that was able to perturb shift starting times with an increase or decrease of up to
2 hours. This change being performed to encourage a wider region of the potential solution
space to be investigated by perturbing the initial roster a greater amount upon each restart
of the search. Results provided from these runs are described within Table 5.6.
A notable decrease in the rate at which improving solutions are found is seen when allowing
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Table 5.5: Rates of solution improvement across 15 LPU based trials of basic restart diversification
with tabu search.
LPU Improvements Best Roster Score
CB 32.8% 22.0966
CH 30% 52.11775
CK 24.6% 5.04691
CM 75.6% 20.73255
CN 0% 3.6575
CW 26.1% 12.20175
NH 38.7% 17.14185
NL 76% 27.36565
LPU Improvements Best Roster Score
NM 4.4% 1.82343
NR 54.8% 4.295985
NW 17.8% 60.14715
SB 42.4% 23.70565
SH 75.8% 62.7177
SM 18.8% 2.52923
SW 25.7% 4.2654
Table 5.6: Rates of solution improvement seen using several trials of more powerful restart diver-
sification with tabu search.
Run Improvements - (Rate) Best Roster Score
1 341 - (3.4%) 27.3052
2 348 - (3.5%) 24.4409
3 350 - (3.5%) 23.8451
4 334 - (3.3%) 27.2197
Average (3.4%)
the diversification a stronger perturbation ability. This suggests that the increased strength
of perturbation will commonly result in weaker candidate solution. Additionally from this
it can be stated that it is highly likely that a globally optimizing result exists within the
near vicinity of the initially defined solution, with large perturbation from this starting point
forcing the search away from such an optimum. For comparison, sample solution rosters pro-
vided through implementation of restart diversification using both the wider and narrower
range of element perturbation values are illustrated in Figure 5.5. Within the graph shown
the shaded region is indicative of the expected demand level for the trial problem with the
2 lines imposed on top of this indicating staff allocations suggested by generated rosters.
The complete line indicates the staff roster associated with the tabu search using restart
diversification perturbing selected elements by only a single hour, whereas the dashed line
indicates the staffing roster resulting from tabu search with restart element perturbation of
up to 2 hours. Of note, the region of the graph that lies between 25 and 33 hours indicates
a period over which the wider diversification has resulted in a large amount of understaffing.
This indicates that the stronger element perturbation does indeed lead to situations that are
not beneficial to the search, explaining the lower rate of solution improvement it was shown
to provide.
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Figure 5.5: Comparison of rosters resulting from tabu search with variation in restart diversification
parameters.
It was necessary to verify this result by comparison over a wider range of problems, in this
case the modified restart diversification search was conducted upon the 15 LPU based trial
problems. Results from this are displayed within Table 5.7 with the percentage rate of im-
provement and best found roster score averages from 4 searches upon each problem. These
results may be directly compared with those contained within Table 5.5 to allow for valida-
tion of the claim that the more powerful restart diversification that is able to perturb the
initial roster to a greater degree is in fact of detriment to the search. This may be seen
through the fact that for each of the defined LPU trial problems the weaker restart diversi-
fication outperforms the more powerful one; except in the single case given by the CN trial
problem, in which neither search method is able to improve solution quality.
For the restart diversification method applied in this work, adjustments were made only to
the first defined starting roster. This means that the initialization point before application
of diversification or intensification was the same between each series of runs and between
each search conducted within a run. The effect of this is to restrict the ability of restart
diversification in selecting shift starting times that are too far from what may be feasible to
actually be implemented within a real staffing roster. One method by which this restriction
may be removed is through preserving the changes that are made to the search initializa-
tion point through restart diversification. In this way the initialization point will vary more
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Table 5.7: Rates of solution improvement across 15 LPU based trials of more powerful restart
diversification with tabu search.
LPU Improvements Best Roster Score
CB 11.2% 22.6762
CH 10.1% 52.77405
CK 1.7% 5.69582
CM 47.5% 20.757
CN 0% 3.6575
CW 5.5% 12.6112
NH 17.2% 17.2155
NL 60.2% 26.7712
LPU Improvements Best Roster Score
NM 2.4% 2.02046
NR 34.2% 4.02388
NW 4.2% 60.0717
SB 33.2% 23.2752
SH 44.1% 63.9632
SM 9% 2.99468
SW 11.9% 4.05338
widely between searches and individual shifts may eventually become perturbed a great dis-
tance from their very first position. For example, consider Tables 5.8a and 5.8b. Table 5.8a
could be representative of a staffing roster that is defined as the original search starting
solution, it is this solution that will always form the pre-diversification starting point in the
default methodology used. If Table 5.8b represents the post-diversification point of the sec-
ond search, then in the alternative method mentioned this will become the pre-diversification
state for the third search. As restart diversification considers only the perturbation of shift
starting times then in this example it is only these values that change; 09:00 becomes 10:00,
14:00 becomes 13:00 and 17:00 becomes 18:00.
Table 5.8: Sample initial rosters for use in tabu search.
Start Duration Staff
07:00 9 6
09:00 9 0
14:00 9 7
17:00 9 0
22:00 9 6
Start Duration Staff
07:00 9 6
10:00 9 0
13:00 9 7
18:00 9 0
22:00 9 6
(a) (b)
Performing such restriction alleviation however resulted in tabu searches that were unable to
provide improvement to solution quality beyond that gained without restart diversification;
through several runs of 10000 searches, not a single improving result was found. Indeed
the high level of shift variability was seen to result in solutions that were of particularly
low quality due to shifts being commonly redefined in such a way that regions of the target
demand profile could not be supplied with staff at all. This was a common problem seen in
all of the defined trial problems and indeed not a single positive result was generated from
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searches conducted using this adjustment.
5.6.3 Restart Intensification Implementation
Restart intensification was applied to the problem in conjunction with restart diversification
and multiple minima diversification in 3 different ways. The first method attempted was to
use the full restart intensification method as described in Section 5.3.2 wherein the most fre-
quently used elements are identified and a tabu search making exclusive use of these elements
is performed as part of each search initialization. The 2 further methods are defined through
preliminary searches that are less restrictive on the available element set, invalidating fewer
elements as available choices within the search. Such lighter restriction is achieved by placing
limitations only upon either the elements from which a staff member may be moved from
or those which a staff member may move to. Similarly to restart diversification application,
the objective used in order to assess the ability to impact upon solution quality of restart
intensification was calculation of an improvement rate and recording of best solution qual-
ity over a set number of system restarts; the number of restarts selected once again being
10000. The results detailing solution quality improvement rates for inclusion of the restart
intensification process on the City BCU trial problem are summarized in Table 5.6.3.
Full Intensification Limit Intensification (to) Limit Intensification (from)
1681 - (16.8%) 1810 - (18.1%) 1659 - (16.6%)
1752 - (17.5%) 1643 - (16.4%) 1631 - (16.3%)
1732 - (17.3%) 1928 - (19.3%) 1693 - (16.9%)
1724 - (17.2%) 1762 - (17.6%) 1572 - (15.7%)
17.2% 17.9% 16.4%
It is seen from this that addition of full restart intensification on top of diversification ap-
proaches yields no significantly greater level of improvement with regards to rate of solution
improvement (a change from 17.1% to 17.2%). A much more notable change occurs through
use of either of the more restricted restart intensification approaches. Average rate of solu-
tion improvement is raised through inclusion of restriction only upon the shifts which staff
members may be moved to during the preliminary search. Whereas limitation only upon
which shifts staff may be moved from within the preliminary search is seen to be counter-
productive, worsening the overall rate of solution improvement. In order to fully explore the
potential of this restart intensification method a further series of trials were conducted upon
the 15 LPU based trial problems, with restriction during restart placed only upon the shifts
which staff members may move to. Results of this are shown in Table 5.9. Comparison of
123
these results with those in Table 5.5 shows that in 9 out of the 15 trial problems restart
intensification improves the rate at which the search is able to discover improving solutions.
Notably, application of restart intensification is the first case in which the tabu search shows
an improvement to solution quality beyond that given by the base tabu search for the trial
problem relating to the CN LPU.
Table 5.9: Improvement rates from use of restart intensification on 15 LPU based trial problems.
LPU Rate
CB 42.2%
CH 26.4%
CK 13.3%
CM 86.6%
CN 0.4%
CW 39.4%
NH 34.9%
NL 92.4%
LPU Rate
NM 4.2%
NR 60.4%
NW 18.9%
SB 44.2%
SH 75.5%
SM 26.3%
SW 28.1%
5.6.4 Summary
At this point, the best performing tabu search has been found to make use of the following
key factors:
• Following a process by which moves are conducted in sequence until an optimum is
found. This sequence is staff redistribution, followed by shift starting time increase,
then shift starting time decrease and finally a secondary staff redistribution.
• Upon discovery of an optimum, multiple minima diversification perturbs the search
away from this result and the search continues.
• Application of restart diversification in order to perturb the shift starting times of the
initial system state.
• Use of restart intensification to conduct a preliminary tabu search focusing on a specific
subregion of the potential solution space.
5.7 Adaptive Total Staffing Level
All searches conducted up until this point have considered the same objective function, that
being the total amount of expected demand that remains unmet by the generated staffing
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roster. It was noted that by the definition of the theoretical problems used for trials it was
impossible for a resulting roster to be possible to meet all such demand.
A new objective was defined in which the total number of staff members available for roster-
ing is increased incrementally in order to find the minimum number of staff members required
in order to meet all of the expected demand; a search terminating upon discovery of a first
solution with quality of 0 as measured by the original objective function. Importantly these
increases in total available staffing occur between full tabu search implementations and as
such the best possible arrangement of available staff is provided for each total staffing level
investigated. Due to this, the first discovered solution with an objective function value of 0
should be one that requires the fewest total number of staff. For example, the tabu search
will perform with X amount of staffing members available for allocation, upon termination
and restart it will then consider X + 1 staff available. Restart diversification was applied as
described in Section 5.2.3 with a range of {−1, 0, 1} for potential perturbations; other meth-
ods were not chosen as they had been identified as little if any impact on solution quality.
The base idea behind the adaptive total staffing method is to first perform a full tabu search
with a set number of restart diversifications and then to perturb the system in such a way
that further searches will be able to find other optimizing solutions. This perturbation is
achieved through the addition of a single member of staff to a randomly selected shift within
the initial staffing roster. Code written within C++ in order to accomplish this is included
in Figure 5.6. An array is used in order to record the total number of staff within the initial
roster, namely ‘Shift Staff Store[i]’, increasing an element of this array then has the effect
of adding an additional staff member to one of the shifts within te starting roster. The code
demonstrated in Figure 5.6 randomly selects one of the shifts within the starting roster and
increases the number of staff initially assigned to it by 1. This code is contained within an
overall system loop that performs until a solution is found whereby all demand is met; the
search will then continue to increase staff until a solution that meets all demand is found.
Figure 5.6: C++ code describing basic adaptive total staffing level search.
Through this, the adaptive total staffing level search algorithm will find an optimizing solu-
tion for the initially defined number of staff members and will then proceed to find similar
optima for enhanced staffing levels until a solution is found that meets all demand, at which
point it will terminate. This process may be summarized by the flow chart presented in
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Figure 5.7.
Figure 5.7: Flow chart describing the adaptive total staffing level process.
As all resulting best found rosters when performing a tabu search with this additional com-
ponent will attain an objective function value of 0, a new objective is required in order to
directly compare their relative strengths. This can be achieved through consideration of
the number of additional staff members required by the search in order to generate a roster
capable of meeting all demand; this number being directly comparable to the total number
of staff used within the final roster. Indeed if 2 or more rosters are presented that each meet
all simulated demand but with different total staffing levels, then it would be intuitive to
use the roster that would cost the least to implement. Note that this method of assessing
the effective cost of a roster is only suited in this case as each of the shifts is of the same
duration. In a case where the shift length could be seen to vary from one shift to the next
then a more detailed calculation would be required to take into account the total amount of
work hours assigned instead of total number of shifts.
In order to assess the capability of the adaptive total staffing level search addition, a series
of trial simulations were conducted using varying total amounts of restart diversifications
per search. In this way it was intended to obtain an overall indicator of the strength of total
staff level variation whilst also investigating the effect (if any) of restart diversification. A
potential benefit to be gained would be the identification of some upper limit on the total
number of restarts beyond which no further enhancement to final solution quality is com-
monly seen. This information would allow future searches to be conducted using only the
discovered number of restarts or fewer, avoiding unprofitable calculation and the associated
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additional computation time.
Table 5.10 describes the results from these trial simulations through provision of the total
number of additional staff members allocated through the search in order to meet all pre-
dicted demand. The variation that exists within each of the tabu restart quantity categories
is present due to the semi random nature by which restart diversification is applied; this is
through random perturbation of shift starting times at the initialization of a search.
Table 5.10: Total additional staff required to meet demand using basic adaptive total staffing level.
Run 25 Restarts 50 Restarts 75 Restarts
1 53 40 52
2 53 52 51
3 54 53 54
4 45 52 52
Average 51.25 49.25 52.25
Creating a graphical representation of the final generated solutions however it became imme-
diately clear that the search was underperforming, with regions of the time period considered
experiencing a surplus of staff availability. For clarification, an example visualization used
with regions of overstaffing indicated by peaks in supply is provided in Figure 5.8.
Figure 5.8: Graphical output from basic adaptive staffing level search.
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The results provided in Table 5.10 are indicative that increasing the number of system
restarts used bears no significant impact upon the quality of final solutions provided by the
search algorithm. From this it would be expected that the most effective choice for total
number of system restarts would be the lowest, 25. This also suggests that restart diversifi-
cation has no strong benefit to the new objective. However with this total staff adjustment
process, the search will be reset to the same initial condition between each of the overall
tabu searches conducted with the addition of a single staff member to a single shift. Due to
this any of the benefit discovered through conducting the previous search will be lost and
will bear no effect at all upon the development of future searches. Thus it is likely that
improvement to performance would be seen through retention of some characteristic from
previously conducted searches when performing a new one.
The adaptive total staffing level search was seen to perturb the system through addition of
staff members to a randomly selected shift of the initial starting roster before restarting the
entire search. This is not ideal practice for 2 major reasons. The first of these is that in
forcing the search to initiate from the same point each time there is a lack of search diversity
as the same solution space region is investigated repeatedly. The second reason is the fact
that it would be expected that a similar path to optimization would be taken from such
a similar initial system state and thus a reasonable amount of calculation time could be
expected to be used in the repetition of moves conducted in a previous search.
In an attempt to cater for this, a modification to the search process was created in which the
best roster found during a full tabu search was used as the pre-diversification starting point
of the following search upon system restart. Thus the next search process would seek to im-
prove upon the best previous solution through perturbation of shift starting times followed
by the standard tabu search procedure. Importantly only the shift starting times and dura-
tions are retained, with staffing levels being reset to the original total of 350 staff members.
The search will use these shifts as a basis and once more attempt incremental increase in
staffing until a roster is generated that meets all demand. This approach should still allow
the search a good degree of diversity whilst encouraging it to also focus on an area of the
solution space with strong potential for high quality results. This is achieved through use of
a segment of C++ code as illustrated within Figure 5.9. Here a series of ‘Global’ arrays are
defined which retain the current best found roster as the search progresses, these arrays are
used to update the ‘Store’ arrays which govern the initial system state. Placement of this
code after a search has completed will result in the overwriting of the original stored system
state with the current best found optimizing solution.
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Figure 5.9: C++ code detailing the best roster retention mechanism used within adaptive total
staffing search.
It may appear at first that this methodology is far more restrictive in the potential solution
space to be investigated; with an optimizing solution, addition of a single staff member could
be anticipated to only experience freedom of placement with that single member. However
through the inclusion of restart diversification such restriction is not a strong factor. Restart
diversification is applied through adjustment of shift starting times upon the initialization of
a search. This will ensure that the initial state will be perturbed away from the previously
found optimizing solution through this diversification at each search restart.
The same series of tests as performed for the base adaptive total staffing level were also
conducted in order not only to assess the strength of the method and restart diversification
but also to allow direct comparison to be drawn between the methods with and without
roster retention. The results of applying this best roster retention addition are displayed
in Table 5.11 where it is immediately apparent that inclusion of best roster retention has
greatly reduced the total additional staff required to meet demand. Indeed it is seen that
the average additional staff required decreases by approximately 25 staff members.
Table 5.11: Total additional staff required to meet demand using adaptive total staffing level and
best roster retention.
Run 25 Restarts 50 Restarts 75 Restarts
1 25 23 21
2 19 24 29
3 24 24 19
4 26 26 28
Average 23.5 24.25 23
This result could also be visualized with a graph displaying supply against demand from a
sample result, Figure 5.10 illustrating this for the first search run using 75 system restarts.
A direct comparison between this result and that shown in Figure 5.8 may be drawn as it
is seen that the resulting staffing profile is smoother, with a desired reduction in the sharp
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peaks of overstaffing seen. However there are still a few areas shown in Figure 5.10 in which
overstaffing occurs. These exist due to overlaps between shifts, effectively meaning that
several shifts are active at a particular point in time. It would be possible to remove these
peaks through reduction of the duration of any of the shifts involved in creation of such a
peak; either by ending a shift earlier, or starting a different shift later. To this end a new
method was required that allowed for perturbation to the durations of each of the defined
shifts used within the search.
Figure 5.10: Graphical output from adaptive staffing level search with best roster retention.
5.8 Adaptive Total Staffing Level with Semi-Random Shift Length
Variation
In order to further increase the capability of the tabu search used within this research it was
important to consider other factors that may be automatically perturbed through the search
in order to achieve optimal solutions. The only other major factor is the length of a defined
shift within a roster. A first simple mechanism by which the duration of shifts may be varied
within the search was accomplished through the use of a random perturbation. Similar
to the restart diversification method this perturbation was implemented upon completion
of a tabu search process, during the initialization process of a further search. In order to
perturb the duration of shifts in this stage of initialization a series of shifts are randomly
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selected to have their length increased by 1 hour and another series of shifts are selected
to have their length reduced by 1 hour. Definition of shifts as a member of either series
occurs through random selection with the chance of selection for each individual shift of 5%.
Several different selection rate values were tested and it was seen that the best performing
was 5%; indeed selection rates of higher than 15% were seen to be highly detrimental to
final solution quality. Table 5.12 displays results obtained through trials using a variety
of selection rates, displayed are the selection rate trialed alongside the average amount of
additional staff required in order to meet all demand across 4 trials. It is therefore possible
that a single shift could indeed become a member of both series of shifts resulting in both an
increase and decrease in shift duration of 1 hour, thus effectively experiencing no adjustment;
rate of occurrence of such an event would be anticipated to be 0.25%. With rate of shift
selection for duration perturbation set at 5% it would be expected that the majority of shifts
would remain unperturbed. In the scenario where shift duration changes are not preserved
between searches this would result in the situation of most shifts retaining duration of 9
hours. This may be compensated for by increasing the selection rate in order to allow a
wider search of the potential solution space.
Table 5.12: Total additional staff required to meet demand using a range of shift length pertur-
bation selection rates with adaptive total staffing.
Selection Rate Additional Staff
2.5% 27.25
5% 25.75
10% 26.75
15% 28.5
20% 35.25
An important consideration with shift length adjustment was the coupling with retention of
previous best found rosters between tabu searches. Retention of all data from a previously
discovered roster entails that the shift starting time, staffing allocation and duration are
all preserved. With the preservation of prior best shift durations it is possible for a future
tabu search to perturb these durations further from their initial values. In some scenarios
where strong variation in shift duration is not a concern this may indeed prove to be an
ideal behaviour. With application to the Police staffing problem as posed by Leicestershire
constabulary however, it is far more suitable that shifts only be allowed to vary between 8
and 10 hours in length; these being the most commonly assigned shift lengths. There are two
modifications to be used in conjunction that allow this restricted variation to be achieved.
First of these is limitation of the data retained between tabu searches to comprise only the
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shift starting times and their associated staffing levels. Second is through the definition
of an initial roster state that contains only shifts of 9 hours in duration. Making these
adjustments and thus enforcing shift duration to vary only between 8 and 10 hours, a series
of trial optimizing searches were conducted; the results from these trials being displayed
within Table 5.13.
Table 5.13: Total additional staff required to meet demand using adaptive total staffing level and
shift length variation.
Run 25 Restarts 50 Restarts 75 Restarts
1 24 26 22
2 28 25 21
3 23 28 28
4 24 25 22
Average 24.75 26 23.25
For completeness and to provide a fuller picture of the effectiveness of this adaptive staffing
level approach, the same technique was applied to the 15 LPU based trial problems using
50 search restarts. With no strong benefit seen through any particular amount of restarts
above any other, 50 was as suited in this role as any other of the figures provided; 25 was
not selected on the possibility that it would restrict the investigate region of solution space
in other problems. The minimum number of additional staff members required in order to
generate a solution meeting all demand in each case is presented in Table 5.14.
Table 5.14: Additional staff required to meet demand using adaptive total staffing level and semi-
random shift length variation on 15 LPU based trial problems.
LPU Staff
CB 22
CK 28
CH 15
CN 18
CM 12
CW 15
NH 18
NL 22
LPU Staff
NM 9
NR 7
NW 26
SB 19
SH 24
SM 10
SW 10
The main strengths of this method are the simplicity with which it may be implemented and
the relatively low calculation cost required for its use. With a random method however there
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is no strength of design or intelligence to the selection process. It would be far preferable
to use a method whereby either some specific objective may be achieved or some particular
planned piece of information may be obtained through its inclusion.
Further, there is potential through application of this method in a search experiencing full
tabu searches that result in no improvement being found to the current globally best found
score. The issue occurs in cases where shifts are randomly selected to experience a reduction
in duration. In such cases it may become impossible for the newly redefined shift structure
to provide an improvement to the current best scoring roster; this being true even with the
increment in total staffing level. The most notable example of such an occurrence would be
the situation in which reduction of duration of a single shift results in a roster in which a
period of time exists which is covered by no shifts whatsoever. Such a situation could likely
be resolved through automated shift starting time perturbations; however this would almost
certainly provide a reduction in roster quality and not yield a suitable candidate to replace
the current best found solution. Indeed, this precise problem was seen to occur frequently
through trial optimizing searches in which best roster shift durations were preserved between
tabu searches along with best shift starting times and staff levels. It was common to see final
rosters resulting from trial searches requiring approximately twice the number of additional
staffing members of those found when using only restricted roster retention. The simplest way
in which to overcome this is to limit the adjustment of shift starting times through random
selection to increase only; though this would then necessitate further search algorithm change
in order to prevent increase in shifts beyond reasonable limits. This further strengthens the
appeal of a search algorithm mechanism wherein a more controlled or systematic approach
is taken as regards adjustment to individual shift duration.
5.9 Adaptive Total Staffing Level with Methodical Shift Length
Variation
A methodical shift duration perturbation was constructed through first enforcing that shift
duration adjustment through the random selection process could only cause an increase of
1 hour and could never cause a decrease. This alone would not be suitable as it could
lead to a situation in which best rosters are constructed containing shifts of unrealistically
large duration. This would only be the case in searches in which shift length is preserved
between iterative tabu searches and not so where instead the restricted dataset of shift
starting times and staffing allocation are preserved. Indeed the preservation of only best
found shift starting times and staffing allocations would ensure that shift durations are reset
to their initial default values before the conduction of a tabu search; allowing shifts to only
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increase by a maximum of 1 hour in duration at any point throughout the entire optimization
process. Preservation of best found shift durations between tabu searches does however
allow a wider range of shift lengths to be considered by the search and as such it would
be beneficial to create a method whereby feasible results may be obtained that allow such
considerations. In order to achieve this, a new stage is added to the tabu search procedure
that attempts to reduce shift durations; whether they have been previously elevated through
restart diversification or not. This technique acts by attempting reduction in duration of
all shifts present in any final best found solution resulting from a tabu search. This stage
initiates at the conclusion of a tabu search and selects each shift in turn, beginning with
the earliest starting and then proceeding through the rest in order of starting time. Upon
selection of a shift, reduction of its duration is attempted. Reduction occurs through an
iterative process of shortening the selected shift by a single hour and then recalculating the
objective function value score in order to assess whether the reduction has been detrimental
to the solution quality. In the case that objective function values worsen as a result of
shift length reduction this indicates that a previously well catered section of the demand
profile has become understaffed. If objective function value does not decrease after shift
length reduction then this means that the roster has been redefined to meet defined demand
equally as well whilst using fewer staff hours.
As with other tests performed investigating variation in shift lengths, the objective function
used in order to assess search quality is the total number of additional staff required by
the final best found roster. A first series of trials were conducted, retaining only shift
starting times and staffing allocations from best found rosters between each full optimizing
search; the results from which are displayed in able 5.15. There is a suggestion from these
results that using a larger amount of system restarts lends itself towards better average
solution quality; however due to the randomized elements within each conducted search it
is possible that this occurs only through chance. Results when using fewer restarts are not
significantly different from the results of previously conducted trials used to test other shift
length variation methods. Thus performing a larger number of trial searches with 75 system
restarts would aid in identifying whether the result shown in Table 5.15 for this number of
restarts is anomalous.
Thus 6 more trials were conducted using the same search attribute specifications. This
resulted in a total of 10 results for the tabu search including methodical shift length variation
with 75 system restarts and retaining only shift starting time and staffing level between each
restart. The total additional numbers of staff members required within the final best found
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Table 5.15: Total additional staff required to meet demand using adaptive total staffing level and
methodical shift length variation.
Run 25 Restarts 50 Restarts 75 Restarts
1 25 23 17
2 24 26 22
3 26 24 26
4 20 26 18
Average 23.75 24.75 20.75
roster in order to meet all demand for each of the 10 trial optimizing searches conducted are
displayed in Table 5.16. This suggests that the values of 17 and 18, though very low, are
not outside those that may be expected from the search; such low results are not replicated
within the additionally conducted searches and it may be stated that it is not indicative of
a new distinct result behaviour.
Table 5.16: Additional results using 75 system restarts with adaptive total staffing level and
methodical shift length variation.
Trial 1 Trial 2 Trial 3 Trial 4 Trial 5 Trial 6 Trial 7 Trial 8 Trial 9 Trial 10
17 22 26 18 25 21 28 20 24 25
The tabu search using methodical adjustment to shift lengths was conducted with all trial
optimizing searches being re-performed using full roster retention between searches. This
means that shift durations were preserved for each shift of the best found roster for the
initialization point of the next conducted search in addition to the shift starting times and
staffing levels. The results from each of these re-performed searches are contained within
Table 5.17. It is apparent from this that those searches in which a larger number of restarts
are performed at each iterative stage of each individual tabu search are able to provide final
rosters that require lower amounts of additional staff members in order to meet all estimated
demand.
It is worth noting however that in the case of full roster retention, it is likely that shifts will
remain at elevated duration between tabu search iterations; indeed with full retention there
is also the possibility that shifts may attain duration above 10 hours. Accordingly then, a
final roster that is seen to require fewer additional staff members than those produced using
previous searches, may actually entail a larger total number of man hours. For example
the first trial conducted using 50 restarts per iterative tabu search process using full roster
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Table 5.17: Total additional staff required to meet demand using adaptive total staffing level with
full best roster retention.
Run 25 Restarts 50 Restarts 75 Restarts
1 27 16 19
2 19 19 15
3 26 12 12
4 24 19 16
Average 23.33 16.5 15.5
retention provided a final roster with 16 additional staff members and totalling 3348 man
hours across all shifts. In contrast the first trial conducted with the same number of restarts
with restricted roster retention gave a final roster using 23 additional staff members with a
total of 3362 man hours. Even though the search using full roster retention provides a final
best roster requiring 7 fewer staff members, it has only saved 14 man hours. One could have
wrongly assumed that a reduction of 7 staff members was equivalent to approximately 63
man hours; this being the amount of hours worked by 7 staff members each on a standard
9 hour shift. This illustrates that an important distinction exists between results generated
using methodical shift length variation with full roster retention and other prior tabu search
methods within this research. Indeed, a fuller comparison between the methodical and semi-
random shift length variation procedures is provided within Table 5.18 where results from
application of both techniques across the 15 LPU trial problems are displayed. It can be
seen that the methodical approach to shift length variation outperforms (or at least matches
the performance of) the semi-random shift length variation approach in all cases.
Table 5.18: Additional staff required to meet demand using adaptive total staffing level and semi-
random shift length variation on 15 LPU based trial problems.
LPU Random Methodical
CB 22 19
CK 28 26
CH 15 12
CN 18 16
CM 12 10
CW 15 13
NH 18 17
NL 22 19
LPU Random Methodical
NM 9 6
NR 7 6
NW 26 23
SB 19 19
SH 24 22
SM 10 9
SW 10 8
To further illustrate this Figure 5.11 displays results of application of methodical shift length
variation alongside random shift length variation upon the same trial problem. The dashed
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line indicates the staffing level associated with the best found solution using methodical shift
length variation and the full line displays staffing level from random shift length variation.
There is a clear difference shown, with random shift length variation resulting in a greater
scale of variation seen across the roster with significantly larger peaks and deeper troughs in
supply. It is due to these inefficiencies and the compensation required that the random shift
length variation will commonly be shown to require a greater amount of additional staff.
Figure 5.11: Graphical comparison of results from both methodical and random shift length
variation in adaptive staffing level search.
5.9.1 Summary
Overall it has been seen that the tabu search process that is best suited to resolution of the
target problem makes use of the following features which have been discussed within this
chapter:
• Multiple minima diversification in ensuring that other local optima within a close
neighbourhood of the first found are investigated.
• Restart diversification to allow perturbation of shift starting times of the initial solu-
tion, encouraging a wider search of the potential solution space.
• Restart intensification in providing a stronger starting solution for the main tabu search
to initiate from.
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• Inclusion of adaptive total staffing level with methodical shift length variation to find
the minimal staff across the most optimally defined shifts in order to meet all expected
demand.
5.10 Conclusions
Through application to this problem it has been seen that restart diversification is capable of
providing a strong improvement to solution quality obtainable by tabu search. Application
of the weaker multiple minima diversification and a restart intensification approach were seen
to perform less favourably overall. However a less restrictive variant of the restart intensi-
fication method did provide an improvement to the rate at which improving solutions were
generated. A new objective function was defined that attempted discovery of solutions that
used the minimum number of staff members across the best defined shifts in order to meet all
of the initially specified demand. Investigation into this approach saw that the best perform-
ing method involved iterative increase in total staffing allocation across a defined roster with
a methodical method used to manipulate the length of shifts used. Key areas addressed were:
• Introduction to diversification and intensification techniques in order to perturb the
shift structure of optimizing rosters.
• Consideration of a new objective function defined through allowing variation in the
total staffing level.
• Application of all these techniques to the tabu search methodology presented in the
previous chapter.
Through application of these techniques it was seen that:
• The inclusion of restart diversification, multiple minima diversification and restart
intensification were all beneficial to the improvement of solution quality and as such
would be recommended for use on similar problems.
• Adaptive total staffing provided a method to create solutions whereby all demand is
met by a minimum number of staff across a best defined series of shifts.
• Extra freedom in the search gained through variation in shift duration was able to
reduce the total additional staff required in adaptive staffing level search.
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The following chapter will discuss an alternative optimization technique, that presented
by genetic algorithms, and an application of them to the Police staff rostering problem.
Genetic algorithms have been widely used within the literature as a comparison against the
tabu search method and it forms a natural choice for use as a comparative method within
this work.
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Chapter 6. Genetic Algorithm Implementation
6.1 Introduction
Though the problem has been successfully tackled using a tailored tabu search optimization
algorithm, there are other methods also widely used within the literature upon similar prob-
lems. It is of benefit to compare the results obtained through application of at least one of
these alternative approaches. This will allow comparison between the results of tabu search
and any alternative approach; this may highlight a weakness of the tabu search methodology,
be it in calculation cost or in the quality of generated solutions.
Within this chapter the basic methodology behind one of these alternative methods, genetic
algorithms, will be discussed in order to provide understanding of the mechanisms governing
their operation. This will review both the method by which the standard iterative search
process is conducted and solution perturbation mechanisms that provide additional strength
and capability to the search. A commercial software package named modeFRONTIER was
investigated for use in implementation of a genetic algorithm for this research and accord-
ingly this software and the results of its use will be detailed. However a weakness is identified
within this software that may not be easily overcome and as such a C++ based genetic algo-
rithm that is tailored to the Police staffing problem is presented. This algorithm is tested and
is shown to possess the ability to generate solutions of comparable quality to those generated
by the tabu search method; importantly however it is noted that the genetic algorithm is
capable of providing such solutions with a lower calculation time.
6.2 Genetic Algorithms
Genetic algorithms provide a unique and innovative method that may be tailored to suit a
variety of optimization tasks. They are inspired by evolutionary biology and make use of
techniques based around the ideas underpinning modern theory on evolution. Indeed the
first cases in which genetic algorithms were employed was by scientists seeking to model
natural evolution using early computers in the late 50s and early 60s, however it was not
until 1975 that genetic algorithms were more rigorously defined [54].
6.2.1 Basic Method
The method of implementing genetic algorithms in order to perform an optimization or
search process will begin with creation of a suitably sized population of candidate solutions
for the defined problem. Commonly these are expressed as a string of elements used to
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represent a series of numerical values; it is most often seen that these strings are recorded
in binary representation as a series of 1’s and 0’s. For any examples used within this section
it will be assumed that the binary representation of candidate solutions will be used. The
way in which this initial population is constructed can vary with application, however it is
very usual that they are created randomly through generation of a series of random strings
of the correct length.
The original population of candidate solutions can now be considered to be the ’parent’
population, the members of which will be used in the creation of a new ’child’ population
of solutions. Each member of this new generation of solutions will be assessed for their
strength as measured by a suitable objective function; the function chosen should provide
a gauge of how effective the candidate solution is at solving the desired problem. It is
then usual for the child population to be cropped by removal of the weakest members in
order to encourage progression towards final system solution or optimization. This cropped
population is then set as the new parent population and is used in order to generate a third
generation of candidate solutions. The third generation is then cropped and used in creation
of a fourth generation and this process repeats similarly until a solution is found suitable to
the needs of the problem or until variation within the population becomes highly diminished;
this reduction in variation would be suggestive that a local or global optimum solution has
been found. The method by which a new generation of candidate solutions is generated
from a population of parents is highly customizable. The commonest approaches are to use
a combination of ’inheritance’, ’mutation’ and ’crossover’. More complex adjustments to
the process in order to illustrate the adaptability and power of genetic algorithms are also
possible.
6.2.2 Inheritance
The first and most widely used method of child population generation is that of inheritance.
In this parent strings are usually coupled, either randomly or by following a predetermined
scheme, and are then used collectively in order to generate single or multiple child strings.
Inheritance is accomplished by the direct transference of string data from parents strings to
a child string; so the nth element of the child string will most usually be obtained through
consideration of the nth elements of the parents. For example consider that the 2 binary
strings
10011001 01010101
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are chosen to be a coupling of parents in order to generate a new string. Taking data from
both of these strings in order to create a child could happen in a large number of ways; a
few examples of resulting children from this pairing and the rules used in order to generate
them are included in Figure 6.1.
10010101
Taking directly the first 4 elements of the first parent and
the last 4 elements of the second.
00110011 n
th child element is 1 if both parents have the same nth
element and 0 otherwise
XX01XX01
Randomly selecting either of the nth parent elements for
the nth element of the child; elements that could take the
value of either 0 or 1 are denoted using X.
Figure 6.1: Sample results of genetic algorithm child generation using inheritance.
6.2.3 Mutation
Mutation is a method by which additional random variation and diversity may be introduced
into a genetic algorithm procedure; this is often used in addition to a child generating
procedure such as that given by inheritance. In early genetic algorithm research this was the
only operator used, it was much later that the notion of inheritance was proposed [13]. It
is implemented by selecting a number of elements within a potential solution string, either
randomly or by choice, and then assigning each of them with a random or different value.
So, for example, taking the binary string 10011001 and applying the mutation operator to
the 3rd element would result in either the exact same string or alternatively 10111001. It
is also possible to consider enforcement of a mutation operator wherein any selected string
element would be forced to be perturbed by setting it to the opposite of its current value;
in this case the sample string would be forced to take the value 10111001.
When mutation is applied it is most usually only done so to a small portion of the current
proposed solution set; in this way diversification is encouraged whilst still preserving many of
the stronger solution strings. If instead it was decided upon to mutate every solution within
a population then it would be highly likely that a good deal of the progress made towards
an optimizing solution would be lost. Essentially the result of global population mutation
would be entirely random; as such in a situation nearing optimization it would be far more
likely to damage than improve the solution using this method.
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However considering only the mutation of single elements in a limited amount of strings is a
positive diversification method when the search is approaching optimization. This will force
the search method to continue exploring potentially distant alternative solutions and will
thus, over a long search process, be far more likely to result in a global optimum solution as
opposed to only a local one.
6.2.4 Crossover
Similarly to mutation, crossover is commonly used in addition to other string generation
procedures and is encouraged in order to provide a larger range of potential solutions. The
method is simply achieved by selecting 2 elements with the desired string and interchang-
ing them with each other. So considering the string 10011001 once more and electing to
implement the crossover procedure on the 3rd and 4th elements would result in the string
10101001.
As with mutation it should be encouraged only to implement this procedure on a small sec-
tion of the population; again this is to ensure that stronger and more optimal solutions are
retained whilst still allowing a suitable depth of exploration within the solution space.
These 3 techniques provide a good basis for a genetic search algorithm which encourages
variation and diversity of solutions in order to more thoroughly explore the set of potential
solutions. The research of Hu et al. [14] investigates the capabilities of all of these techniques
and applies each of them to the problem of airport gate assignation. It is concluded that for
the intended task, genetic algorithms form a viable and efficient optimizing search tool.
The real power of genetic algorithms however is the true level of customization available
which allows their use to be specifically tailored to individual problems; potentially yielding
higher quality solutions and reducing required computational time.
6.2.5 Variations in Fitness Based Cropping
Variation in the basic procedure used in order to crop a parent population before production
of a new child population has potential to provide a variety of different benefits to a genetic
search algorithm. Commonly in any genetic algorithm only the strongest parent strings are
used in order to create the next child generation; relative strength being measured for each
solution string by use of some suitable objective function. In this way then strong parents
are coupled with the expected result of a created child string having a similar strength;
thus child strings will tend to explore close neighbourhoods of the solution space around
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their respective parents. Essentially then this approach can be classified as one in which the
most fit, or strongest, parents are kept for further population at each iteration of the search
algorithm.
Alternatively it is plausible to instead consider keeping the least fit parents in any given
generation. In doing this greater diversity of generated solutions is encouraged and a much
larger area of the solution space available could be explored. This will allow a genetic
search algorithm much greater ability to avoid becoming trapped around an attractive local
optimum; thus it will tend to explore a series of local optima, where possible, and suggest
the best of these as a final result.
An expansion on these approaches would be to seed the child population with the strongest
(or weakest) members of the parent generation before cropping to a new parent population.
This guarantees that some members of the generating population will either have suitable
strength to encourage solution resilience or suitable weakness to encourage search diversity.
6.3 The modeFRONTIER Software
modeFRONTIER is a multi-objective optimization and design environment software with a
range of statistical analysis, modelling and optimization tools [55]. For the purposes of this
research, interest was solely upon the automated optimization capabilities that it presented
and in particular upon the genetic algorithm methods that were available.
6.3.1 modeFRONTIER Implementation
In order to implement the genetic algorithm capability presented within the modeFRON-
TIER software it was necessary to redefine the staffing problems as previously used for testing
of the tabu search algorithm in a suitable manner. One of the key inputs required was a
series of potential solutions to the problem that are represented in strings of suitable val-
ues. Fortunately modeFRONTIER is able to automatically generate a series of strings with
elements that are randomized within some pre-specified bounds. Such a set of bounds that
were constructed here allowed for strings to be created with variation in shift starting times
of up to 2 hours from those presented by the initial roster used as input for the tabu search
method. Further staffing levels were allowed to take any value randomly selected from the
range from 0 to 20 for each shift. An example string for this problem would follow a repeat-
ing pattern composed of sub strings of the form XXXYYZZZ, where the X elements indicate
shift starting time, the Y elements the shift duration and the Z elements the number of staff
assigned. Thus a string reading 00709010 would indicate a shift starting at hour 7 that lasts
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for 9 hours with 10 assigned staff members. Each string was assessed through an objective
function the same as that used within the tabu search methodology, that being calculation
of the total amount of surplus expected demand over the time period being considered. This
would allow more immediate comparison of results between the 2 different techniques. The
genetic algorithm however would be expected to vary string elements outside of the bounds
of the tabu search, as a strict ruleset is not enforced to allow staffing level variation it is
possible for strings to breed in such a way that staffing levels would maximize and lead to
the generation of unrealistically high values. To compensate for this the modeFRONTIER
software allowed definition of constraints upon constructed strings that are used in order to
mark individual strings as valid or invalid. Such a constraint was created based upon the
total number of staff members assigned to a roster represented by each string. The total
numbers were set for each of the regional problems to be the same as the total number of staff
as spread across each of initial rosters used by the tabu search method. For example, the
City region problem for tabu search was defined such that 350 staff members were initially
assigned across all defined shifts and redistribution of these staff was sought. Thus for the
genetic algorithm interpretation of this problem a string validity constraint was created such
that if a string were to represent a roster with more than 350 staff then it would be marked
as invalid.
A few trial searches were conducted using the genetic algorithm in order to test the validity
of application of the method. These searches were conducted using a set of 32 initial strings,
31 of which were generated randomly whilst the final string was representative of the default
minimum cover pattern as used for initialization of the tabu search approach. A mutation
and crossover rate of 5% were implemented within all of these trial searches. However, re-
sults from these tests were confounded by the fact that the minimum cover solution was
seen to propagate very strongly throughout future generations of solutions with very little
improvement provided to final solution quality. Indeed when compared with randomly gen-
erated solutions, the default minimum cover based staffing roster is relatively strong. Due
to this it is likely that this solution is being selected very commonly for breeding with other
solutions and as such many of its characteristics are being preserved between generations.
This activity results in a case whereby most solutions can be seen to share some features with
the default minimum cover roster, restricting potential search diversity for those features. In
particular it is commonly seen that those shifts to which no staff are initially assigned within
the minimum cover roster will be assigned no staff within the vast majority of generated
solutions. A sample extract from 9 generated solutions and the preset initialization roster
are illustrated within Table 6.1 where it is seen that in the majority of cases, the zero ele-
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ments have persisted to the final solutions. Each row in Table 6.1 describes a single solution
comprised of 10 elements; these elements are in ‘start-staff’ pairs in which the ‘start’ values
indicate shift starting times and the ‘staff’ values the number of staff members assigned.
Solution 1 describes the initialization solution and solutions 2 through 10 describe solutions
generated by the search algorithm. However, through use of tabu search it was seen that
distribution of staff across these shifts led to the creation of higher quality solutions.
Table 6.1: Generated solutions and initialization solution from preliminary modeFRONTIER
searches.
In order to compensate for this, there are several options available. First amongst these is
to remove the minimum cover based solution from the initial population of solution strings.
This would result in an effectively unguided starting point for the search which, though less
likely to become confounded by inclusion of a strong starting solution, would be expected
to take longer to converge to an optimizing result. Table 6.2 describes the best solution
discovered by the genetic algorithm applied after varying amounts of generations have been
created. The particular values presented in the table are the objective function score associ-
ated with the roster represented by the best solution found as assessed by the same objective
function applied within tabu search. It is shown that without the minimum cover solution
included within the first generation to guide the start of the search that it requires 1000 full
generations to be completed in order for solution quality to near that obtained from only
100 generations with the solution included.
The tenfold increase in calculation time required in order to complete 1000 as opposed to
100 generations immediately invalidates this as a practical option for problem optimization.
Indeed the ability to obtain a similar quality of solution after use of far less computation
would suggest that inclusion of the minimum cover roster within the starting population is
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Table 6.2: Quality of best found solutions after varying numbers of generations with and without
strong initial solution.
Generations 50 100 150 200 250 500 750 1000
With solution 233.22 174.16 157.89 137.07 130.89 130.89 130.89 118.70
Without solution 435.65 311.01 311.01 287.86 269.32 224.98 191.03 164.15
of great benefit to the power of the algorithm. Figure 6.2 displays a comparison of a single
day within the rosters resulting from genetic algorithm search both with and without the
known initial population member. Within this day it is seen that the search without the
guiding solution implements an evening shift starting at 18:00 whereas the guided search
distributes staff only across shifts as defined by the known guiding solution.
Figure 6.2: Comparison of solutions obtained through genetic algorithm with and without guiding
initial population string.
With removal of the offending starting population member being demonstrated as not a
suitable option a second alternative approach was considered that relates to the testing per-
formed in consideration of the first option. This second method was through consideration
of increasing the number of generations that are created through use of the genetic algorithm
in order to assess the rate of convergence of solution quality. Though the values contained
within Table 6.2 provide an overall view of the change in solution quality as the generation
limit is increased, it would be more useful to create a higher resolution image of the results.
To this end Figure 6.3 displays a graphical representation of all those strings amongst the
first 3000 generated that provide an improvement to the solution quality represented by the
minimum cover solution.
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Figure 6.3: Improvements in solution quality as genetic algorithm progresses.
Though the data collected and displayed in Figure 6.3 gives a good representation of the
change in rate of best found solution quality improvement there is the possibility that the
linear style behaviour emerging towards the end of the graph will not continue. In order to
investigate this, the next 3000 generated solutions within the same search were considered
and again those that improved upon the initial best solution were represented graphically.
Figure 6.4 contains the extended dataset spanning those solutions offering improvement from
within the first 6000 solutions generated. This indicates that the apparent linear improve-
ment to best found solution quality continues beyond the first 3000 solutions. Unfortunately
this linear nature does not continue indefinitely and solution quality is not seen to improve
beyond an objective function value of 100 within a reasonable number of generations. With
the high calculation time (multiple hours) required in order to reach such solution quality
it may be stated that such an optimization approach would not be suited for live practical
implementation within the UK Police industry.
There is still potential that this method and software could be suitable for use in planning
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Figure 6.4: Improvements in solution quality as genetic algorithm progresses over an extended
period.
required staffing commitments far in advance, and as such the method is not wholly invalid
as it still offers an approach towards solution of the target problem. Due to this, further
investigation into other variable factors within the genetic algorithm was required in order
to find the maximum effectiveness with which it may operate. The remaining major factor
suitable for variation that could be expected to provide notable effect upon solution quality
was the mutation rate. This mutation rate is the chance that any particular child string will
be selected for mutation during the child generation process. The mutation acts upon a set
percentage of the elements within a selected string and randomly assigns new values to each
of them. A series of mutation rates were selected for use that consider a range of values up to
what could be reasonably expected to yield positive results; with a mutation rate too high,
the search would essentially be too randomized and the effectiveness of the genetic algorithm
reduced. The number of generations for each of these trial searches was set to 50 and the
initial guiding string representative of the currently used shift roster was included. Within
50 generations some amount of progress towards optimization should be anticipated and
comparison of results obtained after this amount of generations an indication of the speed
on convergence will be provided. The population of each generation of strings was again set
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to 32 and a crossover rate of 5% was used. The results of this series of trials are displayed
within Table 6.3 where it is shown that the best solution quality is seen with a mutation
rate of 7.5%. Indeed it would be expected that a low mutation rate would be ineffective
in diversifying the generated solution strings sufficiently to impact solution quality greatly
whereas a high mutation rate should decrease solution quality due to high randomization.
This is exactly as demonstrated within the results shown in Table 6.3.
Table 6.3: Change in solution quality provided by modeFRONTIER GA as mutation rate varies.
Mutation Rate 2.5% 5% 7.5% 10% 12.5% 15% 17.5% 20%
Trial 1 253.78 232.68 242.37 236.35 250.54 294.99 207.30 304.02
Trial 2 240.02 220.38 258.59 191.24 282.36 285.51 265.25 256.01
Trial 3 245.89 261.54 187.00 308.24 250.72 288.42 279.13 247.84
Trial 4 259.57 254.16 215.93 297.88 282.95 245.71 227.81 266.21
Average 249.82 242.19 225.97 258.43 266.64 278.66 244.8725 268.52
The mutation rate offering fastest progress towards optimization has been identified. Using
searches with lower numbers of generations in order to discover the best performing mutation
rate allowed for a reduction in required computation time. Following this a search using this
mutation rate with an extended number of generations was conducted; this was in order to
attempt discovery of solutions of a higher quality than those previously illustrated in Table
6.2. Other criteria for the search were set to be the same as those previously used, that is
with a population limit of 32 strings per generation and a crossover rate of 5%. The results
from this search are shown in Table 6.4. Though it is seen that convergence occurs faster
using this mutation rate, there is no strong improvement to the solution quality of the best
result found by the search.
Table 6.4: Quality of best found solutions after varying numbers of generations with best mutation
rate.
Generations 50 100 150 200 250 500 750 1000
Solution Quality 224.84 164.33 149.82 131.01 122.51 122.51 119.25 118.12
Another factor available for variation within this genetic algorithm implementation is the
size of the population of each generation of strings, indeed it would be expected that a larger
population should lead to greater search diversity. To test this a series of trials were con-
ducted upon the same trial problem; for these trials the best found mutation rate of 7.5% was
used with a crossover rate of 5% and generation limit of 200 solutions. The results displayed
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in Table 6.5 summarise this work by displaying the quality of best found solutions after every
50 generations for each population limit. These resutls indicate that indeed, lower popula-
tion limits are seen to reduce the optimization ability of the search by not allowing as much
variation in the potential pool of string elements at each iteration of the search. Of note,
the same number of strings will have been generated after 200 generations with a population
limit of 8 and with 50 generations with 32 population limit. For purely the number of solu-
tions considereed to be an important factor these results should be of similar value, however
this is not the case and indeed the increased diversity provided with the increased population
limit of 32 is shown to provide higher quality solutions after the same total amount of string
generation. Such a trend does not continue with higher population limits and it is seen that
doubling the limit to 64 provides only very slight increases to solution quality despite the
search considering twice the number of strings. Thus it may be stated that there is a point
at which the benefit to be gained from the diversity created by an increased population limit
would be negated by the associated increase in required calculation cost. Indeed within this
research it would appear that within the range of reasonable quality solutions that the most
improvement to solution quality per generated solution string is afforded through use of a
popultion limit of 32 instead of 64.
Table 6.5: Quality of best found solutions with variation in population limit per generation.
Generations 50 100 150 200
Population 8 351.12 315.70 280.39 261.12
Population 16 301.66 288.51 261.94 231.84
Population 32 224.84 164.33 149.82 131.01
Population 64 210.26 159.65 144.47 129.94
The overall best quality solution found using this search algorithm was provided using 32
strings per generation over 1000 generations with a mutation rate of 7.5% and a crossover
rate of 5%. The objective function score associated with this best solution was 118.12. This
result is rather weak when compared against the solution quality afforded by tabu search
in which solutions for the same trial problem were commonly seen to obtain scores around
24 when assessed by the same objective function; the best solution found having a score
of 23.4397. Tanle 6.6 compares an excerpt of the rosters associated with the best found
solutions using each of the optimizing search approaches. A table is presented in which the
columns describe key elements for each of the rosters. The ‘Tabu start’ and ‘Tabu staff’
columns describe shift starting times and staff assigned for shifts in the solution provided by
tabu search respectively and similarly the ‘GA start’ and ‘GA staff’ columns describe the
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same information for the solution resulting from use of genetic algorithms. From this it is
seen that the genetic algorithm approach implemented retains shifts to which no staff are
assigned whereas the tabu search approach is seen to monopolize on the redistribution of
staff across all avbailable shifts.
Table 6.6: Comparison of best solutions found using tabu search and modeFRONTIER genetic
algorithm.
Tabu start Tabu staff GA start GA staff
7 7 7 129
7 10 014 13
13 1316 11 16
022 11 22 1131
13 31 1333 1
33 0
6.4 C++ Based Approach
With a weakness apparent with application of the modeFRONTIER genetic algorithm
method to this problem it was necessary to explore alternative methods by which such
an algorithm could be used. In order to achieve this a customized genetic algorithm was
created using C++ as part of this research that was tailored towards solution of the Police
resource allocation problem. A major benefit provided through following this process was
the ability to more immediately and clearly identify precisely how the search algorithm was
acting and to allow custom definition of mutations specifically designed to suit this problem.
6.4.1 The Search Algorithm
The overall process by which the C++ genetic algorithm is performed is described by the
flow chart contained within Figure 6.5. The first stage requires the input or automated
generation of suitable data from which the problem may be initialized, this involves the
input of data indicative of both the supply of and demand upon resources. Secondly, each
of the input initial potential solutions (represented by strings or arrays of values) have to be
evaluated through consideration of a suitable objective function. This allows each potential
solution to be assigned a selection rate for breeding which relates directly to its relative
strength and using these rates parent strings may then be paired off in order to allow for
the breeding stage to occur. Once a child generation has been created through breeding and
mutation, the search process will check to see whether a suitable number of generations have
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been conducted. If so then the search will terminate and if not then the child generation will
become a new parent generation and will undergo the same quality assessment and breeding
procedure as used for the prior parent generation.
Figure 6.5: Flow chart describing the genetic algorithm created using C++.
6.4.1.1 Data Input and String Generation There are 2 primary types of data that
need to be input or otherwise generated in initialization of the genetic algorithm. These are
an array of data values representative of the expected demand level and a series of strings
that are used in representation of potential staffing rosters. Demand data are input from
an external .txt file that contains values indicative of hourly expected staffing requirement
levels covering the entire time period of interest, these values having been estimated using
the incident profiling software described within Section 3.9. These demand data values are
stored within an array which is named ‘Demand[i]’ where the ith element of the array will
contain the expected demand level for hour i.
There are 2 options present for the initialization of the strings that the genetic algorithm
will use for the optimization process. The first of these method is to read a series of pre-
constructed input strings from an additional data file. This is achieved again through the
use of a .txt format data file which contains, in each row, an entire string with individual
elements tabulated in columns; an example of such a data file which was used in this research
is presented in Figure 6.6. The strings are constructed such that each sequential group of
3 elements will describe all necessary features of an individual shift, with the first element
describing shift starting time, the second element being the shift duration and the third
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element detailing initial staffing allocation. For example, in the first string described within
Figure 6.6 the first shift would start at hour 7, be of 9 hours in length and be initially
assigned 0 staff. Of note, these data values are not represented as a string of 1 and 0 values.
The full data file contains 100 strings each with a total of 126 elements (this number being
the amount of elements required to describe 6 shifts per day across a 7 day period). A set of
100 strings were created in order to allow subsets of this to be selected as initial populations
for any conducted searches; for example, 32 strings could be selected to provide the same
population limit as used in the modeFRONTIER testing.
Figure 6.6: Sample .txt data file extract used for input of pre-constructed strings into the genetic
algorithm.
The second approach is to automatically generate an initial series of randomized strings
within the C++ program itself. Figure 6.7 provides a sample of C++ code that was used
to achieve this. A loop is constructed that performs a string element creation method a
number of times equal to the amount of shifts that are desired to be defined; in this code,
the loop runs 6 times, thus creating string elements able to fully define 6 shifts. Within this
loop 3 elements are individually defined which are indicative of a shift starting time, shift
duration and initial staffing level respective of the order in which they are created. The
result is an array named ‘GA String[X][Y ]’ where X indicates the generation (which for the
initialization generation will be equal to 1) and Y is a numerical identifier of the shift by order
of creation (so the first string will have Y = 1, the second Y = 2, etc.). This ‘Make String’
routine would be called a number of times equal to the total number of strings that are
desired to be generated with the input value Y increasing with each successive string. The
approach chosen for use within this research was to use a pre-constructed series of strings
each time the search was conducted; with investigation into variation of system parameters
it was appropriate to start from the same initialization point each time in order to allow
more immediate and meaningful comparison of results. It is of note that these strings are not
comprised of binary values, with each element instead taking an integer value indicative of a
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shift defining value. The reason for this is due to the fact that each string defines an entire
staffing roster with a variety of shift starting times, durations and staffing allocations. The
same string in binary form would be composed of sub elements which would, by necessity,
be required to be all of the same length; for example, each shift starting time would need
to be represented by a binary value containing the same amount of digits. Thus with shift
starting times across a fairly broad range the result would be strings containing many zero
values which could propagate strongly throughout the search and confound results. Electing
instead to allow integer value representations of each shift defining string element negates
the possibility of this eventuality.
Figure 6.7: C++ code used to generate initial strings within the C++ genetic algorithm.
6.4.1.2 Objective Function and Selection Rate An important factor with imple-
mentation of a genetic algorithm is the inclusion of a suitable objective function by which
the relative strength of each potential solution string may be quantified. The suitable ob-
jective function for use is the same as that described within Chapter 4 for use with the tabu
search algorithm, namely that the quality of any potential solution be the total amount of
expected demand surplus to that met by the staffing distribution it represents. This alone
is not sufficient for application within a genetic algorithm however as the total staffing al-
location that a string would represent will be seen to be vary due to the breeding process.
Indeed with no penalization to compensate for this it would be expected that the stronger
solutions would be those with greater total staffing numbers and as such solutions would be
expected to tend towards maximization of these staffing numbers, leading to solutions with
unrealistically large values. Figure 6.8 describes a C++ routine used as part of this research
entitled ‘Obj Func2’ that contains such an objective function with a penalty for strings
with total staff greater than some defined boundary value. Firstly this code considers each
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shift defined within the investigated string individually and compiles a time dependent ar-
ray ‘Supply[i]’ where the ith value of this array indicates the total staffing availability at
time i. To achieve this each point in the ‘Supply[i]’ array that lies between the starting time
(GA String[X][Y ][1+((S No−1)∗3)]) and ending time (GA String[X][Y ][1+((S No−1)∗3)]
+ GA String[X][Y ][2 + ((S No − 1) ∗ 3)]) for every shift is selected and increased by the
amount of staff associated with that shift (GA String[X][Y ][((SNo) ∗ 3)]). Next for each
point over the entire time period considered the routine then checks whether the amount of
expected demand is greater than the available supply of staff, in the case that it is an objec-
tive value ‘Obj Val[X][Y ]’ is increased by an amount equal to the surplus demand. From this
a resultant ‘Obj Val[X][Y ]’ value is obtained that is indicative of the total surplus demand
that would be expected for string number Y of generation X. This is then further supple-
mented through the inclusion of a penalty that acts based upon the total amount of staff and
number of shifts present within the roster described by the solution string. A check is made
to see if the amount of staff is greater than 50 per calendar day considered; with the problem
defined to allow 6 available shifts per day this is given by 50 ∗ (Shift Last−Shift First)/6.
If a string represents a roster in breach of this condition then a penalty value (in this case
1000) is applied to the objective function value associated with it in order to discourage
its selection at the breeding stage of the genetic algorithm. This penalty ensures that the
desired amount of staff members are allocated across the roster and that the search does not
just maximize the amount of staff assigned unrealistically.
As an example, consider the 3 strings presented in Figure 6.9. Each of these is a string that
represents the shifts defined within a single calendar day with 5 groups of 3 elements each;
these groups representing shift starting time, shift duration and staff allocation in order of
element appearance. The first of these strings is indicative of the assignation of 50 total staff
(16 + 0 + 16 + 0 + 18), this string would not be penalized based upon this day. The second
string uses only 49 staff (10+8+11+11+9) and as such it too would not be penalized. The
final string however makes use of 60 staff in total (14 + 6 + 12 + 10 + 18) and so the objective
function score associated with this string would be heavily penalized in order to indicate the
unrealistic staffing level and to discourage selection of it in the breeding process.
These objective values are used in order to create a series of selection rates (or probabilities)
representative of the chance that each string will be selected as a parent for generation of
a child string within the breeding process. However as the goal is minimization of surplus
demand it is necessary to further adjust the objective values to make them suitable for this
purpose. Stronger solutions are those with a lower amount of surplus demand, and thus a
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Figure 6.8: C++ code used as objective function to evaluate each string considered using the
genetic algorithm.
Figure 6.9: Example strings from C++ based genetic algorithm implementation.
lower objective value, in order to obtain larger selection rates for these it is suitable then to
calculate the reciprocal objective value for each string. A value of 1000 is used as the nu-
merator so that those strings which have been penalized in breach of the upper total staffing
amount will be immediately notable as those with resulting objective function values lower
then 1. In order to translate these into selection rates for each of the strings a C++ routine
as shown in Figure 6.10 is used. The routine first calculates a cumulative total objective
value for all of the current generation strings combined (‘Total Obj Val[i]’ where i represents
the generation in question). Using this a selection probability for each individual string is
calculated as the score associated with that string divided by the total score for all strings
combined. In this way a string with higher associated score will then have a higher selection
rate. The value ‘RAND MAX’ is equal to the maximum value that a randomly generated
integer may take, thus division of a randomly generated value by this maximum will create
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a random real value between 0 and 1.
Figure 6.10: C++ code used to assign each parent string with a selection rate.
Important to note is that the selection rates are compiled in such a way that each subsequent
rate is the sum of itself and all previously calculated rates. For example, if the first selection
rate were calculated as 12% and the second at 8% then this would be recorded by setting
the first selection rate value to 12% and the second to 20%; in this way the final selection
rate will always be 100%. The reason for this adjustment is to allow the generation of a
single random number between 0 and 1 to be sufficient in identifying a string for selection,
regardless of the total objective function value of all strings. Table 6.7 contains a further
example of this with sample objective function values for a population of 5 strings. Consid-
ering the first of these strings, an objective value of 124.6 is translated through reciprocation
and mutliplication by 1000 to the value 8.03. The selection rate is generated from this by
consideration of the sum of all such values for all strings in the current population, in this
case the sum is 66.88 resulting in a selection rate of 12% for string 1.
Table 6.7: Sample objective function value and string selection rates used in C++ genetic algo-
rithm.
6.4.1.3 Breeding the Next Generation of Strings In order to generate new child
strings it is necessary for suitable pairing of the parent generation to be formed. In order
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to achieve this a routine is used that makes use of the calculated selection probabilities in
randomly selecting pairs of parent strings, code for which is displayed in Figure 6.11. With
the particular method by which the selection rates are compiled, generation of 2 random
values between 0 and 1 here is suitable for identifying 2 shifts to be used as a pair. The
random values generated are compared alongside the selection rate values for each possible
parent string until the correct string is identified, at this point the identified string is recorded
and the generated random value is set to an unfindable value in order to effectively terminate
the search.
Figure 6.11: The process by which parents are selected for breeding in the C++ method.
Once a pair of suitable strings have been found the string selection process will then call
a separate routine entitled ‘Breed()’ which is used to perform the breeding operation using
the 2 selected strings. ‘Breed(Breed Choice[1],Breed choice[2],Gen,i)’ will cause the breeding
operation to occur upon the 2 selected parent strings in creation of a new child string of
number i that will belong to the next generation of strings (Gen+1). It is possible that the
same parent may be selected twice through this process however this is suitable as it allows
the possibility that some strings from the parent generation may be carried through to the
child generation without an additional fitness based cropping stage being required in the
search algorithm. Of note, this is more likely to occur for stronger strings, which are those
most likely to have strong beneficial characteristics that would be desired to keep in future
generations.
The breeding process itself occurs using the code that is demonstrated within Figure 6.12.
The pair of parent strings are considered alongside each other, with an element in one of
them being paired with its relative element within the other; in this way the first elements
159
of both parents are considered, then the second elements of both, and so on. For each
element pairing the relative strengths of each parent are considered when deciding which
element should be passed on to the child string. This is accomplished by considering the
total selection rate of both parent strings and then creating selection rates based upon the
strength of each parent as part of this total selection rate. Thus for example, the pairing
of 2 strings with selection rates of 12% and 8% would result in element selection rates in
their breeding of 60% (12/20) and 40% (8/20) respectively. This results in the situation
that stronger parent strings are more likely to pass on their characteristics in the breeding
process in addition to being more likely to be selected for it. When this process has been
conducted for each element of the parent strings then a new string will have been created as
a semi-random combination of them and will have been identified as a member of the child
generation. Considering again the string selection rate details in Figure 6.7, each pairing of
2 strings here will result in different element selection rates during the breeding process. For
example the pairing of strings 1 and 2 would yield a sum of their individual selection rates
of 51.14% (12% + 39.14%), this then leads to an element selection probability of 23.46% for
string 1 (12% 51.14%) and 76.54% for string 2 (39.14% 51.14%).
Figure 6.12: C++ code describing the parent string breeding and child string generation process.
At this stage of the process, mutation routines that perturb associated shift starting times
and staffing levels may be called for each of the newly defined elements of the child string.
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These calls are achieved through random probabilistic chance based upon mutation rates that
are defined and stored within floats titled ‘Staff Mutation Rate’ and ‘Start Mutation Rate’
for the staff level perturbation and start time perturbation respectively.
As the strength of each string is quantified through the objective function analysis process
it is possible that one result will be stronger than the current best. In this case the program
automatically updates a record of the best found string, replacing the older record with the
newly discovered stronger solution. This is achieved through the code shown in Figure 6.13
and results in an array ‘Str Best[i]’ that records the elements of the strongest string found
as the search progresses. As the search terminates after a specified number of generations,
this array will then dictate the most optimal solution that was found throughout the entire
search process; thus effectively providing the solution to the problem.
Figure 6.13: Method by which the GA written in C++ updates best found string records.
6.4.1.4 Mutation In order to allow solution variation beyond the values contained
within the original 100 defined strings it was necessary to implement a mutation mecha-
nism within the search which would allow perturbation of each individual element to occur.
Due to the variety of elements represented within each of the solution strings 2 different
mutations were required, the first allowing perturbation of shift staffing allocations and the
second perturbing shift starting times. C++ code that was used to implement staffing level
element perturbation is demonstrated within Figure 6.14. This code generates a value that
may be positive or negative in order to perturb the currently used staffing level, either by
increasing or decreasing it respectively. Importantly the range of values that this pertur-
bation may take are integer values between −1 and +2, in this way it would be seen over
repeated applications of the mutation that the total staffing level across all strings would
increase. Coupling this with the already described solution quality penalization for a string
with too many staff members, the best final solutions found will be those that make the best
use of precisely this limiting number of staff. Thus coupling the penalization method with
this type of staff increasing mutation it is possible to specify precisely the target number of
161
staff desired to be seen within a final generated roster.
Figure 6.14: C++ code through which staff level string elements are perturbed by mutation.
The second mutation perturbation acting instead upon shift starting times performs simi-
larly in that it adjusts the element to which it is applied by either increasing or decreasing it.
There is no strong benefit to encouraging global increase or decrease of all shift starting times
over the course of a search process however and so equal probabilistic weighting is placed
upon both possibilities. Thus the chance that a shift will have a starting time perturbation
increasing the start time by 1 hour is equal to the chance it will be decreased by 1 hour.
Code that was used in order to achieve this mutation is shown in Figure 6.15.
Figure 6.15: C++ code through which shift starting time elements are perturbed by mutation.
6.4.2 Results of C++ Genetic Algorithm Implementation
In order to first trial the constructed genetic algorithm a series of trials were conducted upon
the same first problem considered for the modeFRONTIER software testing with a similar
set of system factors. In this way the same population of 100 potential solution strings was
input as the search initialization point and the search was allowed to construct 1000 child
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generations with the best solution found at specific benchmark generations noted. Within
this search a mutation rate of 5% was used. The results of this first search are presented in
Table 6.8.
Table 6.8: Quality of best found solutions after certain numbers of generations using the C++
based genetic algorithm.
Generations 100 250 500 1000 5000 10000
Best Solution Score 943.63 407.294 283.524 210.249 170.320 153.999
This result proved to be similar to that shown by the modeFRONTIER software in that it
would take a very large amount of generations in order to begin to approach solutions of
similar final quality to those given by tabu search. Indeed with the reduced computational
cost required in order to implement this C++ based approach it was possible to extend
the number of constructed generations to 10000 whilst still requiring dramatically less total
calculation time than the modeFRONTIER algorithm. For example, the modeFRONTIER
algorithm was seen to require approximately 20 minutes per 3000 generated solution strings;
this would mean that with a population limit of 30 strings it would take in the region of
20 minutes to create 100 generations. The C++ algorithm however requires approximately
5 seconds in order to create the same number of total strings. However when compared to
the results shown in Table 6.2 it is demonstrated that the C++ algorithm converges slower
towards a suitable result.
It was demonstrated with the modeFRONTIER algorithm that adjustment to the popu-
lation limit of each generation may result in adjustment to the quality of the best found
final solution. Accordingly it was also appropriate to perform such system variation for the
C++ based genetic algorithm in order to ascertain whether an increase in population size
will markedly improve solution quality. Indeed it is also possible that a reduction in the
initially trialled population limit of 100 strings may provide solutions of similar quality; thus
requiring less computational effort in order to produce the same results. A series of searches
were conducted using a range of population limits, the results of which are displayed in Table
6.9. Within each of these searches mutation rates of 5% were used and the total number of
generations created in each case was 1000. From these results it may be seen that population
limits significantly lower than 100 strings result in detriment to solution quality, indeed with
a low population limit of 25 objective function value is seen to almsot double from that
offered using a limit of 100 strings. Further, increasing the population limit significantly
does not result in strong improvement to solution quality and it may thus be stated that a
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population within the vicinity of 100 is most well suited for this algorithm on the problem
considered.
Table 6.9: Quality of best solutions obtained with population limit variation within the C++
based algorithm.
Population Limit 25 50 100 150 200 250
Best Solution Score 410.651 243.820 210.249 209.145 209.231 207.726
An option that was considered in order to compensate for the previously noted slow rate
of convergence of the search was in reducing complexity of the problem by performing a
separate genetic algorithm search for each day of the week, thus reducing the amount of
search string elements dramatically and similarly reducing the number of potential solutions
within each search. This was initially conducted within the modeFRONTIER software how-
ever in that case no strong benefit was provided and indeed it was seen that results were
obtained of a very similar overall strength. This means that when the total objective scores
for all 7 individual day problems were totalled it was very similar to the score provided
when conducting a problem spanning the entire week at once. In contrast, performing such
an adjustment within the C++ algorithm led to a dramatic decrease in the total objective
function score as the algorithm was seen to generate far stronger solutions for each indi-
vidual day which provided a strong overall solution when compiled as a full week. Table
6.10 contains data describing results from conducting both a single week problem and a day
by day breakdown based problem using both modeFRONTIER and the C++ algorithm.
These problems were conducted using a total of 1000 generations each with a population
of 100 strings in each generation with a mutation selection rate of 5% in both cases. The
total staffing level constraints in each of the daily problems were adjusted to compensate
for the fact that greater demand was expected to occur on Friday and Saturday, however
the total number of staff across all 7 days remained constant at 350. In order to apply this
methodology then a separate search is performed for each of the 7 calendar days in which
the solution strings are segments of the previously defined string containing the elements
that are associated with each particular day. From this it may be seen that not only does
the C++ algorithm strongly outperform the modeFRONTIER algorithm when the problem
is redefined into a series of daily problems, but indeed it is even capable of generating results
of a similar quality to those provided by the tabu search methodology.
A graphical representation of the highest quality roster found using compilation of 7 daily
rosters is presented in Figure 6.16 with comparison alongside the best found solution using
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Table 6.10: Comparison of weekly and daily problem results using C++ and modeFRONTIER.
Mon Tue Wed Thu Fri Sat Sun SUM Week
modeFRONTIER 18.21 21.55 19.03 24.83 26.12 30.92 12.61 153.27 144.96
C++ 0.86 2.29 2.36 2.62 8.12 9.26 0.00 25.51 210.25
tabu search. There is strong similarity between the 2 full weekly rosters displayed, with
many defined shifts covering the same period of time and indeed receiving the same staffing
allocation. The few differences that remain between these rosters coupled with the similarity
in solution quality suggest that the solution is reaching global optimality, this being shown
by the situation in which no roster adjustments are able to provide more than a very minor
improvement to solution quality.
Figure 6.16: Comparison of results from tabu search and daily genetic algorithm application.
With the potential of the C++ algorithm established it was necessary to further investi-
gate potential improvements that could be obtained through the variation of key system
parameters, namely the 2 rates of selection for string mutation. Indeed it was demonstrated
within Figure 6.3 that a particular range of mutation selection rates were able to provide
higher quality solutions in the modeFRONTIER application and thus a similar investigation
was carried out upon the C++ algorithm. A range of selection rate values were trialled for
both the starting time and staffing level perturbations with test implementation on the same
base problem. This problem was conducted using a population of 100 strings per generation
with 1000 generations being conducted within each search. The results from these tests are
displayed in Table 6.11 where the objective function scores for the best found solutions using
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each combination of mutation selection rates are shown.
Table 6.11: Results of variation mutation within the C++ based genetic algorithm.
The most immediate result noticeable from Table 6.11 is that any trial conducted in which
there was 0% chance of mutation of staffing level string elements performed extremely poorly
with objective function scores of greater than 1900. The reason for this is due to the effect
that this staff level mutation has in slowly raising the overall staffing level across all strings
as the search progresses. Indeed it was earlier mentioned that the coupling of this mutation
with the staffing level based string validity constraint would provide solutions using precisely
the target number of staff. Without this mutation, many strings will be generated using far
fewer staff than the constraint value and with no impetus to encourage growth in the staffing
levels it is seen that the resulting best solutions have not made full use of as many staff as
are possible. This underuse of available resources then leads to the situation in which there
is a far greater level of surplus demand, hence the higher objective function scores seen.
As noted for the modeFRONTIER application, it is also seen in the C++ algorithm case
that for larger values of either mutation rate that final best found solution quality is seen
to degrade. The best performing application is shown to be with the use of a 5% chance
of selection for mutation of staffing level and 0% chance of shift starting time mutation,
indeed even the lowest starting time mutation rate was seen to result in greatly increased
final solution scores.
With best system criteria defined it was of interest to consider the convergence of the non-
segmented search in which a full week roster is considered as opposed to 7 daily rosters.
With the C++ based algorithm able to perform a far greater number of generations within
a reasonable amount of time it was possible to consider an extended number of generations
and find the point at which solution quality improvements cease. Figure 6.17 displays the
improvement to solution quality as the search progresses for 5 separate searches with 15000
generations being created in each case. It may be seen from this that all 5 of the searches
converge at a similar rate to solutions of a similar quality with no improvement to solution
quality present in any case within the last several thousand generations. From this it may
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be stated that convergence to a solution of quality equal to that generated using tabu search
of the segregated genetic algorithm modification would require an excessively large number
of generations, which becomes impractical due to the required computation time.
Figure 6.17: Graph displaying convergence of the C++ genetic algorithm.
6.4.3 Summary
From the results of application of the C++ based genetic algorithm it has been shown that
the best performing algorithm made use of the following features:
• Redefinition of the base problem into a series of daily problems as opposed to a single
weekly one.
• Use of staffing level mutation in order to encourage staffing level growth with a selection
rate of 5%.
• A validity constraint imposed upon the algorithm such that any string representative
of total staffing above this constraint is heavily penalized.
• No mutation upon the shift starting times throughout the search (effectively achieved
through setting selection rate to 0%, negating it).
The C++ based genetic algorithms have been seen to strongly improve upon the performance
of the modeFRONTIER application and indeed result in the creation of solutions with a
167
similar quality to those generated by tabu search. This is only achieved through redefinition
of the problem into a series of smaller sub-problems however and the C++ genetic algorithm
struggles to converge to high quality solutions when applied to a larger problem. The tabu
search is seen to outperform genetic algorithms when applied upon the larger problem due
to its natural affinity to combinatorial problems of the type considered.
6.5 Conclusions
This chapter has presented an alternative heuristic search algorithm through the use of ge-
netic algorithms and has shown that it is able to create solutions of a similar quality to those
generated using the tabu search approach. Initial work using modeFRONTIER identified
a weakness in the provided search algorithm resulting in slow convergence to solutions of a
reasonable quality and a tendency for weak solutions to propagate throughout later genera-
tions, confounding results. The tailored C++ algorithm overcame this problem and through
redefinition of the target problem was seen to be a highly successful technique.
One final option that could achieve improvement to the modeFRONTIER method would be
to consider a hybridization of the provided genetic algorithms with the tabu search presented
within this thesis. This would be achieved by using best found solutions after a reasonable
number of generations using genetic algorithms to form the starting solutions for tabu search.
This is highly suitable as genetic algorithms provide an intelligent method by which such
starting solutions may be defined. Further benefit is obtained through consideration of the
identified weakness in the genetic algorithm implemented; particularly that specific shifts
are seen to take staffing values of 0 and for these values to persist throughout future gener-
ations. The tabu search method implemented has been seen to utilize such shifts and trial
distribution of staff across them in order to generate high quality final solutions. Thus appli-
cation of tabu search to a solution generated by the genetic algorithm would be expected to
improve upon solution quality by more thoroughly investigating these shifts. Precisely this
hybridization will be discussed and its application detailed within the following chapter.
168
Chapter 7. Additional Work
7.1 Introduction
Methodologies were considered throughout this research which were set aside in favour of ar-
eas that appeared to have more potential. One such methodology was the use of probabilistic
methods in creation of demand profiles that are not as rigidly defined through deterministic
historical data. At a later stage of the research this proved to be of interest again due to
consideration of an alternative objective function that considers target attendance times for
incidents of varying grade. Within this chapter work regarding probabilistic demand profile
compilation and preliminary work concerning the alternative objective function is shown.
Additionally, other areas within the Police organization were considered with preliminary
work conducted in order to generate profiles of the demands present upon them. Within this
chapter the work concerning a single such alternative department is presented, this being
the canine trained unit of Leicestershire Police.
As mentioned in Chapter 6, there is potential to improve upon the genetic algorithm im-
plementation provided by modeFRONTIER by use of a hybridization with tabu search. In
this chapter a basic method by which this may be achieved is described and the results of
application to the same trial problems as previously considered are discussed.
7.2 Probabilistic Approaches to Demand Compilation
7.2.1 A Simple Method
Through the ideas of probabilistic modelling and inspiration from the field of reliability
engineering it is possible to approach the challenge of accurately representing incident based
demand in a very different way than that used within the original Police demand profiling
tool.
Considering the same basic data as used for the current Police model (namely records of
the times and grades for incident calls received by the CMC) this can provide us with a
series of values indicating the rate of incident occurrence for individual hours of the day.
Manipulating these slightly it is thus possible to obtain a new set of values estimating the
amount of time that passes between incident occurrence; these values may be known as Mean
Time Between Incident (MTBI) values, given
MTBIi =
60
Ri
.
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Where Ri is the incident rate for hour i and i takes values sufficient to cover the desired
period of time. The value of 60 is included in order to force the resulting MTBI values to be
recorded in minutes; this was chosen in order to allow for more direct comparison between
the results provided from the Police demand profiling tool and those obtained probabilisti-
cally. It is worth noting that it is possible for any given hour to have an incident occurrence
rate (Ri) equal to zero, potentially causing an impossible MTBI calculation. To compensate
for this it would be advisable to place some suitable lower bound value on Ri, though the
particular value chosen will clearly vary based on the scenario involved and any computa-
tional software used.
This notion of MTBI suitable for usage in this application is a direct comparison to that
of Mean Time Between Failure from reliability engineering in which the amount of time a
system will remain operational is considered. Similarly it is also convenient to adopt the
idea of Mean Time To Repair (MTTR) where this value is taken to be the average amount
of time that will be taken between officer assignation to an incident and their future release
from it. Essentially then a system is constructed in which an incident happening is taken to
be a system failure requiring the attendance of an officer over a period of time in order to
repair the system back to normality. In usual reliability engineering practices however the
system is analyzed with respect to the likelihood of it being functional at any point in time.
This clearly is not suitable for the task of demand modelling and thus here the system is
never considered to fail and individual failures accumulate over time. This is of particular
importance for practical application of the technique to policing practices as it is highly
common that the MTTR will be greater than the MTBI.
Both the MTBI and the MTTR values are, as their names suggest, mean values and accord-
ingly it is important to consider that in a real situation there will be considerable variance
in actual times both between incidents and to repair. Due to this then a suitable method
would be to use probability distributions centred around the provided mean values in order
to more accurately model MTBI and MTTR. Fortunately in the case presented by Leicester-
shire constabulary, sufficient data is available to allow this. For example Table 7.1 describes
the mean and variance of incident occurrence rates found for a single policing region within
Leicestershire over 2 calendar years. The table presented displays the mean and variance in
incident occurrence rates seen across a series of individual hours of a single calendar day.
Using such data it is possible to make use of suitable probability distributions; one such
example being the Poisson distribution.
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Table 7.1: Mean and variance of incident occurrence rates for 8 hours of a sample calendar day.
07:00 08:00 09:00 10:00 11:00 12:00 13:00
14:00
Mean 4.45 6.69 8.36 9.84 11.81 13.11 13.69 14.80
Variance 0.76 1.12 1.32 1.24 2.03 2.52 2.18 2.61
Using these ideas a representation of demand over a specified period of time may be gen-
erated, however it is important to note that suitable initial conditions will be critical. As
this approach is based entirely around the idea that upon the occurrence of one incident it
is possible to predict the time of the next it could be possible to reduce physical accuracy
by choosing the first incident to happen at a highly improbable time. For example assuming
that the initial triggering incident occurs at a time when, historically, very few occur would
potentially result in a large overestimation of the demand present at that time. There is
also the issue that at the selected initialization there will most likely be many more than 1
incident already underway and that these incidents will each have started at varying prior
points in time. Both of these problems may be mitigated by providing some initial condi-
tions and then allowing the system to run from these through a ’warm-up’ period first before
the desired system initialization point is reached. At a minimum it would be suggested to
allow for at least one full calendar day for the warm-up period as this will allow for the
natural daily build-up and decline of demand to undergo a full cycle. Issues arising due to
selection of an improbably placed initial incident will be resolved more than that caused by
an unrealistic amount of initial incidents by doing this. Accordingly it would be expected to
minimize inaccuracy by selecting a time of day at which fewer incidents occur to be that at
which the initial conditions are set. Historically for the type of demand that is desired to be
modelled this time of day is in the region of 6am however precise amounts of incidents that
have been seen at this time will vary widely across different regions of the County.
Given then that a suitable set of initial conditions for the system have been found, the model
may now begin to run. The model is set to assume upon initialization that an incident has
just occurred, the total amount of incidents currently in progress is logged along with the
current time. This log is further supplemented by the future time at which the incident will
be considered to have ended; this is calculated using the MTTR which can either be taken
as a fixed value or allowed to vary in order to encourage more variability in resulting demand
profiles. Additionally it is at this point that the start time of the next incident is decided
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upon by considering the MTBI value for the hour in which the currently starting incident
is located. Simulated time then progresses until either the start time of a new incident is
reached or the end time of an incident underway occurs. In the case of a new incident start
time the same procedure as previously described occurs; the start time and current amount
of incidents is logged, the end time for the new incident is generated and a start time for an
additional incident is created. Upon reaching a time marked as the end of an incident the
total amount of incidents underway is decreased by 1 and the new running total is logged
alongside the current time; this process may be summarized by the flow chart shown in
Figure 7.1.
Figure 7.1: A flow chart illustrating the proposed probabilistic modelling method.
Following this procedure alone will provide a suitable base demand profile, however there
is one change which may result in a higher level of realism though this will be in addition
to an increase in predicted demand. Consider that it is quite plausible for there to be on
average fewer than 1 incidents per hour, resulting in a predicted MTBI for that hour of
more than 60 minutes; this raises the possibility to ignore individual hours of the day for use
in incident creation. Importantly this would make it possible for a high incident rate hour
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of the day to effectively be skipped if preceded by an hour in which historically very few
incidents have occurred. It is possible to counter this issue by re-evaluating the predicted
next incident occurrence time as the boundary between hours is crossed. In the potentially
problematic situation described previously, in which a low incident rate hour is followed by
a high incident one, it would be of benefit to consider reduction of the time until next inci-
dent initialization. To do this it would be suggested to compare the current amount of time
remaining until the new incident begins with the MTBI for the new hour being encountered;
then in the case that the MTBI is some significant amount lower than the time remaining it
would be of benefit to regenerate the time until incident initialization using the new MTBI.
This addition to the probabilistic method will thus ensure that more historically incident
dense periods are not unintentionally skipped in the generation of a demand profile.
Using the full probabilistic method, including the further consideration of hourly MTBI
comparison, it is now possible to generate a realistic representation of the base demand on
which further model complexities may later be built. A comparison of demand profiles cre-
ated using the initial Police profiling tool and the proposed probabilistic method is shown in
Figure 7.2; both profiles are generated using the same incident occurrence rates and simulate
base demand for the Loughborough region of Leicestershire for an average Tuesday.
Figure 7.2: A comparison of base demand profiles created with the initial profiling tool and
probabilistic method.
There are immediately clear similarities between the illustrated demand profiles, both ex-
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periencing the same general increases or decreases in demand levels and sharing the time
placement of their daily minimum and maximum amounts. Due to the nature of profile
construction, the probabilistic method provides a representation that often rapidly jumps
between several integer values; whereas the demand profiling tool uses raw historical aver-
ages that are unlikely to take precise integer values. This difference is clearly made visible
in Figure 7.2, where smoothly ascending and descending slopes describe demand variation
for the profiling tool and sharp jumps are commonly seen in the probabilistic method re-
sult. With no data variability and using fixed mean incident occurrence rates the demand
predicted through the probabilistic method would be directly comparable to that provided
through the deterministic model; with regular oscillation above and below the deterministic
profile. A much clearer representation of predicted demand levels from the probabilistic
method may be obtained by creating upper and lower bound curves, then stating demand to
oscillate between these boundaries. This would result from a simple adaptation of the type
of data used to show the probabilistic method in Figure 7.2; simply recording each individual
peak as part of the upper bound curve and each trough as part of the lower bound. Doing
precisely this for the same series of data (namely that for a Tuesday in the Loughborough
region) provides the paired curves shown in Figure 7.3. For example, the maximum live
incidents seen between 12:00 and 15:00 is 3 and the minimum over the same period is 2.
Figure 7.3: Sample upper and lower bounds on demand using the probabilistic method.
This method provides the basis for another approach to the modelling of incident based de-
mand on local Police officer time, and indeed has several advantages over the approach taken
for construction of the initial Police demand profiling tool. Primarily the greatest advantage
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would be the expected gain in accuracy due to the resulting demand profile being updated
on a minute by minute basis; whereas the Police profiling tool works through use of hourly
or, after the proposed re-segregation, quarter-hourly demand blocks. This will also allow the
incorporation of more complex additional demand forms as the base profile is augmented to
take account of other important factors; indeed a demand spike of any duration should be
simple to include using a model using this base.
Unfortunately there are also drawbacks to be considered upon implementation of this method.
As discussed the resulting model could well be anticipated to be more accurate and provide
a better representation of the demand in question, however use of the method would almost
certainly require a programming platform such as C++ or Python. This in itself would
not cause problems for creation of a functional tool, it would however raise the issue of
future resilience with the need for continuous development by well trained personnel. The
Microsoft Excel based original demand profiling tool is far better suited in this respect as
Police staff are far more commonly trained in its usage than they are in any programming
language at all, let alone the one that is chosen for creation of a probabilistic modelling tool.
The use of such a powerful programming platform does however bring additional benefits;
most importantly their usage generally provides a much more effective calculation engine
than that given by Microsoft Excel, with a much broader range of calculation options and
a massively higher data input limit. The probabilistic results illustrated within Figures 7.2
and 7.3 within this report were calculated using a simple demonstration program written
using the C++ programming language.
7.2.2 A More Detailed Approach
In order to provide a more complex probabilistic view of the demand from incidents gener-
ated from calls by the general public to the Police Call Management Centre, an alternative
approach was taken. The core of this approach lies in defining a series of incidents to cover
the period of time of interest; each of these incidents being defined through the generation
of several key pieces of information.
The first stage in the process is to identify the volumes of incidents that will need to be
generated throughout the time period and at which specific points in time each of these in-
cidents will occur. To do this the historical average rates of incident occurrence per interval
within the time period are considered alongside the noted standard deviation of incident
rates per interval. For each time interval then these data are used in order to create an
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estimated number of incidents by use of the formula
I(t) = I¯(t) + σ(t)(0.5−R).
Where I¯(t) is the average number of incidents for time interval t, σ(t) is the standard de-
viation of incidents for time interval t and R is a random real value between 0 and 1. This
formula will then generate an estimate to the amount of incidents occurring within each
period by first taking the known average level of incidents for that period and then adding
to this some multiple of the standard deviation for the same period; this multiple varying
between −0.5 and 0.5. In order to create a realistic amount of incidents for later use it is
necessary to round the resulting I(t) values to the nearest natural values. Upon completion
of this for every interval within the time period of interest a volume of incidents will have
been defined that are distributed amongst these intervals.
These volumes are then used in order to define a series of incidents and the starting times
associated with them; this information will form the base of the incident demand profile.
This is accomplished by considering each of the time intervals and creating an amount of
incidents that will start within them equal to the previously calculated estimated volume
amounts. The start times for these incidents are calculated through entirely random distri-
bution over the time interval in which they are located; for example an interval covering a
time period from 4:30pm to 4:44pm would allow the incidents generated within it to start
at any point between these 2 times.
The only further information required in order to provide an image of the incident based
demand is the duration of each of these incidents, however there are many stages required
in order to provide an accurate duration the first few of which will define other incident
characteristics.
The first such defining characteristic is the location of the incident, that is which of the
Leicestershire policing regions it occurs within. Though it was earlier noted as not having
a large effect upon the time required in order to resolve an incident upon its assignation to
an officer there is still some impact caused by this. More importantly though this will bear
an effect upon the other defined characteristics, most notably the likelihood of arrest as this
will vary greatly for specific times in particular regions; for example more urban regions are
likely to have a higher arrest rate on Friday and Saturday nights than rural areas. The region
of each incident is assigned through use of the historical average occurrences for each of the
regions in creating a set of probabilities; these describing the probability that an occurring
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incident will be in each region. These probabilities will sum to 1 as when an incident is
known to occur it is impossible that it does so outside of the predefined regions. Thus with
creation of a random real value between 0 and 1 for each incident it is possible to assign
them each a region. These probabilities will vary however based upon the time of day and
as such it is necessary to have a set of such values for each hour of the day in order to create
suitably realistic defined incidents. Table 7.2 details a sample of such probability values. In
total there are 144 values required in order to allow for suitable probabilistic distribution of
incidents across the 6 City LPU regions (24 values for each region).
Table 7.2: Incident region of occurrence probabilities for City LPUs.
Region CB CH CK CM CN CW
Probability 07:00 0.15 0.21 0.16 0.19 0.13 0.16
Probability 08:00 0.16 0.21 0.13 0.23 0.13 0.15
Probability 09:00 0.17 0.21 0.11 0.28 0.11 0.13
Probability 10:00 0.13 0.17 0.12 0.39 0.09 0.10
The next 2 characteristics more fully define the incidents, describing their grades as un-
derstood by the Leicestershire incident grading policy and also the category of incident.
There are 5 such categories and these are namely anti-social behaviour, crime, public safety,
road related and other. For both of these characteristics a similar set of probabilities as
used in defining incident locations are used; they are however broken down to be dependent
upon different factors. First of these characteristics to be defined is the incident grade with
probabilities for this being based upon the incident location; for each region then a set of
probabilities that sum to 1 are made to define incident grade. Secondly the incident type is
defined based upon both the incident location and grade; for each region and grade pairing,
a series of probabilities are made to define the incident type. Important to note is that a set
of these probabilities will be necessary for each of the time intervals throughout the period
of interest in order to ensure that such variation as the time of day may cause is not ignored.
With 3 separate incident grades and 5 incident types, this results in a total of 15 potential
categorizations for each generated incident. Each of these separate categories will require
different probabilistic chances if occurrence for each incident, which will further require the
region and time of occurrence to be considered. With 144 time and region pairings this
results in a total of 2160 required incident probability values, a single value for each possible
combination of time, region, incident type and incident grade. It is impractical to list so
many values within this thesis and indeed with 4 parameters used for definition of each there
is no simple way by which they may be tabulated for representation.
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With all of these characteristics defined the durations for each incident are now generated
using a large series of historical average values. So for every combination of incident region,
grade and type and also for every time interval within the period of interest, a value is
provided for the average resolution time. This figure is then subjected to a slight random
modification through scaling by a multiplicative factor that could take any real value from
0.9 to 1.1; duration will then vary by up to 10% from the calculated average values. This is
in order to allow some level of variability to the duration of generated incidents, as would
be seen within a real world situation.
As would be expected, every incident that is attended by Police staff has the potential to
result in the arrest of one or more people. The likelihood of arrest will vary based upon the
type of incident attended, the grade of incident attended and even the time of day or day of
the week. Due to this every incident created in the previous stage is considered and through
definition of another set of probabilities is either marked as an incident which results in
arrest or one which does not. For each time interval, every grouping of incident type, grade
and region is assigned a value indicating the probability that the particular combination
for an incident will result in an arrest. These probabilities are calculated for each of these
groupings by considering the historical numbers of such incidents that have and haven’t re-
sulted in arrest; so the probability would be the amount of incidents of that type leading to
arrest divided by the total number of incidents of the same type. For each incident that is
marked as one that results in arrest, an additional 7 hours is added to the incident duration
to simulate the amount of time spent dealing with the custodial process.
At this point a series of incidents have been defined to a sufficient degree as to be able to
provide a representation of the incident based demand upon LPO staff. In order to do this
the starting time and duration of each incident is considered to represent a block of time for
which 1 officer is required to attend that incident. Thus the consideration of all incidents
would result in the compilation of many such blocks into a single profile showing the vol-
ume of demand over time. As an example Figure 7.4 displays the results of this incident
generation process when applied using data for the City Basic Command Unit (BCU) of
Leicestershire on a Sunday.
This result behaves as would be expected by the conjectural view of demand within the
Police organization. There is however a critical area that should be noted and that is the
presence of a certain amount of lead in time wherein demand will be underestimated. This
is due to the creation and consideration of incidents only within the period of interest; those
occurring before the period in question will also likely bear an important effect upon the
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Figure 7.4: Demand profile created for the City BCU of Leicestershire using enhanced probabilistic
approach.
demand. To counter this there are 2 major options, the first of which is to state that at
initialization there are a certain number of incidents already in progress; these may be de-
fined by use of historical average occurrence rates. Alternatively setting the simulation to
run through the 12 hours prior to the period of interest first would allow any incidents, in-
cluding those resulting in arrest, that would bear an effect to also be simulated. Note again
that this methodology provides only an approach by which the demands present upon Police
staff may be simulated and does not in itself generate staffing levels and shift definitions. It
would be necessary to apply an optimization methodology using the created demand profile
as part of the problem definition; for example, this could be in replacement of the demand
data presented in the trial problems of Appendix A. A full version of the C++ code used in
implementation of this probabilistic methodology is included within Appendix B.
7.3 An Objective Function based on Attendance Target Success
Rate Applied with Tabu Search
In addition to the function based upon the matching of volumes of expected demand and
staff assigned within a roster, a secondary objective function was created to instead consider
the ability to respond to individual incidents within a suitable time frame. Incidents that are
graded either as a grade 1 or grade 2 are recognized as those that require either an immediate
or rapid response from Police personnel. Accordingly there exist target times within which
it is required for a Police Officer to attend these grades of incidents. The target attendance
time for a grade 1 incident within Leicestershire is 15 minutes and an objective is set such
that 85% of such incidents are to be attended within this time. Similarly grade 2 incidents
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have a target attendance time of 60 minutes with the objective being to meet 80% of these
incidents within this time.
An objective function may be defined based upon these targets by considering the response
time required in order to meet individual incidents and calculating the percentage of them
that are met within the desired times. Consider a situation in which there exist a number of
grade 1 and 2 incidents each of which requires the attendance of Police staff for some varying
amount of time. As each incident occurs one of the available staff members will be allocated
to it and will remain so until the incident is resolved. In the case that a new incident starts
and there are no staff available to attend the incident, it would be placed onto a queue and
the time of occurrence marked. This process is summarized by the flow chart presented in
Figure 7.5. Should sufficient time pass in which no staff members are available to attend
a queued incident within the target time (15 minutes for grade 1 and 60 minutes for grade
2) then the incident would be marked as having failed to be met, yet it would still require
resolution through Police attendance and would remain in the queue. In this way then, a
more optimal roster would be one that has a distribution of staff suited to allow the most
rapid response to newly developing incidents; this being marked with a lower amount of
failures. A success rate presented by the roster could then be represented by the number of
successes divided by the total number of incidents, this is the percentage of incidents that
were met within the target times. Indeed it would be suitable to have a pair of objective
functions in order to consider the different target response times and desired success rates.
7.3.1 C++ Implementation of the Attendance Target Objective
The first stage in allowing the application of the newly defined objective function is in
creation of a series of simulated incidents by which the suitability of a prospective roster
may be assessed. To achieve this a method similar to that presented in Section 7.2.2 was
used. In order to generate a detailed series of incidents with variance in the time each
requires for resolution it is necessary first to generate volumes of incidents occurring across
the time periods of interest and to distribute these appropriately. In order to inform this
basic incident volume generation a series of values are input into a C++ program from an
external .txt based data file source. Code that is used to achieve this is presented within
Figure 7.6 where for every hour within a target time period a series of data values are input.
These values include the minimum (‘Incs Mins[i]’) and maximum (‘Incs Max[i]’) number of
incidents historically seen within that hour of the particular day in addition to the mean
average (‘Incs Mean[i]’) and standard deviation (‘Incs SD[i]’) in number of incidents seen
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Figure 7.5: Flow chart describing incident attendance and queuing process.
(for each hour i).
Figure 7.6: C++ code for data input used for incident generation process.
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With the mean and standard deviation data that is input, a Poisson distribution is used
to generate an amount of occurring incidents for each hour within the overall time period;
note that the standard deviation is translated to variance in order to allow the standard
form of Poisson distribution to be used. This distribution was selected as it is a fairly
standard one that allows variability in data to be simulated using the information available
here; namely mean and variance. These hourly rates of incidents are distributed across their
respective hours through random assignation of starting times to take any minute value that
falls within these hours. The C++ code used in order for this is represented in Figure 7.7.
In this example a random real value between 0 and 1 is generated (‘random no[1]’) which is
then directly transformed into an integer value between 0 and 59 which is used to indicate
the minute within the current hour at which the target incident initializes.
Figure 7.7: Method by which individual incident starting times are generated.
The particular type and location of incident will however vary considerably and as such it
is appropriate to allocate them varying durations of Police attendance. In order to classify
each of the generated incidents a series of characteristics are required that define the region
in which the incident occurs, the grade of the incident and the type of incident. For this,
probabilities are calculated based upon the mean expected levels of each of the individual
classifications occurring for each hour. For example, Figure 7.8 displays C++ code that
was used to assign each generated incident a region of occurrence. A previously input array
of values ‘Rprob[X][Y ]’ contains for each hour Y the chance that an incident will occur
in region X and it is from use of this that generation of a random value between 0 and 1
allows a region to be identified for each incident based upon the hour of occurrence. In this
example, such a random value is generated and then compared against each of the cumulative
probabilities defined to indicate each possible region of incident occurrence. A first test is
performed comparing the generated real value against the first probability value. In the case
that the generated value is less than the defined probability the incident is considered to
have occurred within the associated region and the loop terminates. If the generated value is
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greater than the defined probability then the next probability is used to consider the second
region. This process continues until all regions are considered; by this point the cumulative
probability will have reached 1 and thus a region of occurrence will definitely have been
defined for the incident.
Figure 7.8: C++ code for random assignation of regions of occurrence for generated incidents.
Similar processes are used in assignation of a grade and type for each of the defined incidents
which then provide a series of suitably well defined incidents. For each combination of region,
grade and type of incident an array of values is input that describes the mean expected and
variance of duration of such incidents by the hour of the day in which they initiated. A
standard Poisson distribution is then used in order to generate, for each incident, a required
amount of time in order to resolve it satisfactorily; this being the amount of time that a
Police resource would be required in attendance. Through this the objective function may be
implemented and each roster may be assessed through the generation of a pair of expected
incident attendance success rates; one of these for grade 1 incidents and the other for grade
2 incidents.
7.3.2 Results from Tabu Search with Attendance Target Objective
In order to test this objective function, it was applied in conjunction with 2 different tabu
search procedures; the first of these was through use of a tabu search algorithm with no
enhancements and the second was tabu search with inclusion of diversification and intensi-
fication techniques. In order to provide a benchmark result against which the effectiveness
183
of the tabu search approaches could be compared, the objective function was tested upon
the standard roster currently employed by Leicestershire Police. The success rates for 3
repetitions of each of these trials along with their respective averages are included in Table
7.3 for both grade 1 and grade 2 incidents. Repeated trials for each of the 3 approaches
were necessary due to the random nature of the incident generation process. Within Table
7.3 ‘Basic Tabu’ refers to use of the tabu search methodology first investigated in which no
search enhancement techniques are applied. ‘Enhanced Tabu’ refers to the final best found
methodology, employing restart diversification and intensification in addition to multiple
minima diversification. Tabu tenure penalties were each set to 5 as in the work conducted in
Chapters 4 and 5 and the order of moves conducted was again staff redistribution followed by
shift starting time adjustment and finally a secondary staff redistribution. The column titled
‘2 − 2 − 2 Roster’ details the expected incident attendance success rates when considering
application of the standard staffing roster as employed by Leicestershire Police.
Table 7.3: Expected incident attendance rates from the current Leicestershire roster and rosters
resulting from tabu search.
It is seen that the tabu search methodology previously proposed is also able to optimize
staffing rosters with regards to this newly defined objective function, with increases seen in
the quality of generated solutions beyond that provided from the initializing roster. Of note
is the fact that attendance success rates for grade 2 incidents are commonly seen to be lower
than the success rates of grade 1 incidents. This is caused by an additional component of
the resource allocation decision making process in which grade 1 incidents are prioritized
over grade 2 incidents. At the point a grade 1 incident occurs, if there are no immediately
available resources for deployment then units currently in transit to an incident of lower
importance are considered. Thus, if a unit is currently travelling to a grade 2 incident then
they may instead be reassigned to attend the grade 1 incident with their previously assigned
incident being marked as currently unattended and placed on the incident queue. The effects
of this decision process are clearly illustrated within Table 7.3 with an anticipated reduced
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attendance rate at grade 2 incidents. The expected success rate could be improved through
consideration of increased total staffing levels across the roster as a whole in the same way
as applied within Sections 5.7, 5.8 and 5.9. It would be expected however that the elevated
staffing levels this would suggest would be identical to those proposed with the previous
objective function when considering the same trial problems. The reason for this is that the
total volume of demand over time remains the same and as such would require the same total
amount of staff in order to fully satisfy it. The freedom gained through providing incidents
with a ‘response window’ as opposed to requiring immediate response could result in slight
shifts to the effective amount of demand present at particular times of day; again this is
unlikely to allow a reduction in the number of additional staff required.
This approach was only applied to the tabu search algorithm presented in Chapters 4 and
5 and as such there is potential to conduct further work in extension of the results pro-
vided through implementation using the genetic algorithm approach discussed in Chapter 6.
The tabu search has shown itself to perform very strongly upon this type of combinatorial
problem however and a strong improvement through application of genetic algorithms would
not be an expected outcome. Indeed as the type of strings being generated by a genetic
algorithm approach would not be changed for application with this new objective function
it would be anticipated that it would suffer the same convergence problems as previously
noted; this then leading to necessary division of the problem into a series of sub-problems.
With no expected benefit beyond that provided by tabu search it is thus not worth applying
the previously used genetic algorithm here.
7.4 Demand Profiling for Canine Trained Units
Within the Leicestershire Police organization there exist a large variety of officer types that
are tailored to suit specific types of incident or other demand. It is of interest to investigate
at least one such alternative officer type from the major front line officers already considered,
with note being paid to the similarities and differences present. Such an alternative are the
canine trained units that are used in attendance of high risk incidents that are also require
rapid response.
7.4.1 Demands on Canine Trained Units
Demand as experienced by canine units is generated from the same sources as that for LPOs
with the majority coming from either planned Police actions or in response to calls for action
from the general public. The specific types of incidents that canine units will be required
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to attend differs however and there are several other key differences in the demands made
upon their time.
7.4.1.1 Standard Staffing Policy Within this section of the Force there is, like in most
other sections, a minimum staffing level set in order to encourage the meeting of a minimum
performance level. This is simply set within the canine unit as the requirement that 2 active
units be on duty at any point in time; ideally this would be higher but financial constraints
within the force are a limiting factor. Each shift runs for 9 hours in length however only 8
hours of this will be operational duty as 30 minutes at the beginning and end of each shift
are assigned in order to allow for feeding and exercise of the dogs in addition to travel to a
Police premises to begin active duty. This travel time is essential as each dog will be living
with their partnered officer outside of working hours and as such it is necessary for the pair
to travel from their home location to a Police one in order to begin work.
7.4.1.2 Incident Attendance Canine units still attend incidents generated by calls
from the general public (and thus those stored on the Police system OIS) however they
are used more selectively, primarily attending incidents at which their presence will aid in
reduction of risks. Accordingly, they are called out in response to more emergency incidents
(grade 1) than any other type; this is supported by data collected by the canine unit in
which it is stated that 70% of incidents they attend are grade 1, 28% are grade 2 and just
2% are grade 3.
In the case of most incidents attended by these units it will only be necessary that a single
unit attend, however there are cases in which it would be desirable (if not essential) that at
least 2 canine units are in attendance. For example it is considered to vastly reduce the risk
to staff personnel involved at a firearms incident if 2 dog units attend instead of 1; though
sometimes this is not possible, it should always be the case that 1 unit at least attends. This
is a particularly strong constraint if the limited number of canine units that are planned
to be available at any given time are considered. To help alleviate the pressure that this
can cause, canine units may be released early from other incidents if their attendance is no
longer required there.
7.4.1.3 Directed Action Policing Directed action policing is a key part of the du-
ties surrounding the canine units, there are many pre-planned scenarios for which their
attendance is a requirement. Most commonly occurring amongst these are football matches
between County and National level teams for which a grading policy is used to classify the
matches and assign an appropriate amount of canine units to manage the anticipated crowd
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levels if necessary. This policy is as follows:
Police Free No canine units
Category A No canine units
Category B 4 canine units
Category C 4 canine units
Category CIR 6 canine units
The categories ranging from A to C indicated increasing expected crowd population at such
events with a further category of CIR representative of a category C match with anticipated
increased risk. The impact of these and other such events is particularly high when the usual
staffing pattern for these units is taken into consideration. Regularly only 2 or 3 units will
be on duty at any time and it is further necessary to have at least 1 unit remain available
in case another incident requiring a canine unit occurs at the same time.
7.4.1.4 Custodial Incidents As with most other Police incidents there is a chance that
an arrest will result, for other Police departments this will then require further attendance
of the arresting officer (and in some cases additional relieving staff) for up to 9 hours in
order to fully process the arrestee. This is not the case for dog units however as due to their
limited number it is considered more important to free them for return to duty as soon as
possible. Thus in the case that a dog unit is involved with the arrest of an individual or
group they will then hand over those arrested to another officer to handle the processing
work.
7.4.1.5 Abstractions Abstractions are an area in which canine units will experience
more restrictions upon availability than in other departments. The base cause for this is the
fact that not only can an officer become ill or otherwise abstracted, so too can the dog with
which they are partnered; this is known within the canine unit as double abstraction. Each
pairing of Police officer and dog is a permanent thing, with the dog being housed with the
officer outside of working hours. This is done to encourage a positive relationship to form
between the two and indeed is known to be highly beneficial in the training and development
of the canine units. From this then it can be understood that if a particular dog trained
officer is abstracted from work then the dog with which he would normally work may not
be passed to another officer. Likewise if a particular dog is abstracted, the handling officer
partnered with them cannot then be assigned another dog to handle.
Clearly some of the abstractions that apply when considering a human Police officer will
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not be directly applicable to any of the dogs; for example maternity or annual leave. There
is however additional abstraction time in the form of specialist training that needs to be
considered, which will only affect the canine trained officers and their partnered dogs. There
is a requirement for every single paired unit to attend a specific amount of training days per
year which importantly takes the units out of Leicestershire Police premises and effectively
abstracts them for the training period. The precise number of training days will vary based
upon the specific dog type as follows:
General purpose dog 16 days
Drugs dog 10 days
Explosives dog 20 days
7.4.2 An Incident Demand Profiler Created for Canine Trained Units
The creation of an incident profiler tailored for canine trained units was a simplification
of that already considered for frontline policing staff. With no requirement to consider
custodial incidents being in requirement of an additional staff presence this factor was not
necessary to include within the profiler. Indeed the additional factors of necessary training
and attendance at specific events such as football matches were also not required to be
automatically considered in compilation of expected demand as these are both examples
of planned events for which additional staff beyond the standard requirement would be
arranged. Thus the incident based demand occurring within any period of time for canine
units is equal to all such incidents that occur within that period in addition to any that
began previously and have yet to be fully resolved. This is directly comparable to the base
incident data considered within the frontline policing staff incident based demand profiler.
A screenshot of the final profiling tool created using Microsoft Excel for canine trained units
is included within Figure 7.9. As with the incident profiler demonstrated within Chapter 3
this tool provides an area for a user to define and distribute staff across a series of shifts. This
is accomplished through entry of suitable values into the upper left table, where for example
it is seen in the screenshot that a shift is defined on Sunday to start at 18:00 that lasts for
8 hours and is assigned a single member of staff. This user input staffing level is displayed
alongside the expected level of incident demand requiring attendance of canine units in a
graph at the base of the data entry table; allowing a user to immediately see whether the
proposed shift pattern will be able to meet expected demand.
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Figure 7.9: Screenshot of the canine unit incident profiling tool.
The upper left data input area allows for user input staffing allocations. On the graph displayed
the orange region indicates the expected demand upon canine units whilst the green region is
indicative of the defined supply of staff.
7.4.3 Summary
Through the creation of a demand profiling tool for canine trained units using the same base
methodology as used in creation of the enhanced incident profiler for Local Police Officers
(LPOs), it has been shown that the same approach may be suited to many departments
within the Police organization that experience similar types of demand. There are many
similarities between the demands present upon LPOs and those present upon canine trained
units:
• Both experience demand borne from incidents that are automatically recorded by the
same method in Police data records. With experience of the same data for the LPO
incident profiler this allows for an immediate understanding of the base data available
and allows a similar time based live incident estimation to be created.
• Special events such as football matches require the attendance of a certain number of
both types of resource, dependent upon the scale and importance of the event.
• Both the canine units and LPOs used within Leicestershire are segregated into 5 work-
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ing groups in order to facilitate the standard 2-2-2 shift pattern. Due to this the easiest
adjustments to staffing rosters are those that may be achieved whilst retaining these
working groups.
There are also several differences between the demands of LPOs and those of canine trained
units:
• Canine units will not be engaged in any of the custody booking process in cases where
an incident leads to arrest and will thus be much able to return to active duty and
attend further incidents much more swiftly in these cases.
• For the purposes of sickness and other abstraction, each individual unit may be ab-
stracted either due to the handler or the canine itself. Because of this, the abstraction
per deployable unit (comprised of 1 dog and 1 handler) is higher than in other areas of
the Force. Note that any pairing of handler and dog is unique and without a significant
training period, a handler may not be paired with a different dog and nor may a dog
be partnered with a different handler.
• There are a pair of 30 minute time periods within each rostered shift for canine units
that is non operational time, dedicated to the feeding and exercise of dogs. Due to
this, shifts of less than 9 hours should not be considered as they would lead to the
creation of rosters that either have no shift overlap benefit or are simply incapable of
meeting expected demand.
Due to the low volume of expected incidents and the low staffing numbers there would be little
benefit to be obtained through implementation of either tabu search or genetic algorithms
in optimization of staffing rosters here. For both ease of management in allocating staff
to shifts and in provision of briefings at the start of shifts it would be desirable in such
a small department to utilize 3 shift starting times within a day; defined using an early
shift, a late shift and a night shift. Thus with a relatively low amount of potential variation
in the available shift definitions and also in staffing allocations it would be expected that
an exhaustive search of the solution space for this department could be conducted in a
reasonable amount of time. If the department contained a greater number of available staff
members this would allow more flexibility and would enable the consideration of additional
shift definitions within a roster. The increase in scale of the solution space from this would
make tabu search and genetic algorithms a viable option for staff roster optimization.
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There is potential to apply this type of modelling practice to other departments within
Leicestershire Police that experience similar quantifiable demand. Indeed any department
in which response to incidents generated by calls to service from the general public are
immediately identifiable as potential targets for this; examples of such departments include
the firearms unit and the scientific support department. Of note the firearms unit are
not called out to incidents with the same regularity as the members of other departments,
however due to the severity of the incidents requiring their attendance there will always be a
need to maintain such a unit ready for deployment. Through adaptation of the methodology
used in quantification of demand it is possible to extend this work to create similar profiles
for departments in which the base demand is in other forms. For example, by consideration
of the expected arrival rate of arrestees at a custody suite over a period of time it would be
possible to construct an estimation of the anticipated cell usage at that suite.
7.5 Practical Implementation of the Demand Profiler
7.5.1 Use of Incident Profiler in Assessment of Staff Rosters
The incident profiler has been utilized by Leicestershire Police in informing staffing decisions
and considering options for long term adjustments to the basic staff rosters used. The specific
rosters that are under consideration may not be discussed here due to their confidentiality,
however generalized rosters may be discussed that share similarities with those that have
been proposed.
The first roster necessary for consideration within any such work conducted within Leices-
tershire Police is the 2−2−2 pattern currently employed. This roster provides a benchmark
against which the benefits and drawbacks of any other proposed roster may be compared.
This roster is precisely as previously defined and entails the deployment of staff across a
rigidly defined early, late and night shift for each calendar day.
The second option proposed was a variable start pattern. This type of pattern is based upon
the 2−2−2 pattern with the addition that it allows variation in shift starting times and the
division of any given shift into 2 or more shifts across which available staff are redistributed.
This type of pattern is precisely of the form created as a result of tabu search implementation
within Chapters 4 and 5 of this thesis. For illustration, Figure 7.10 displays a comparison
between the 2− 2− 2 roster and a variable shift pattern using the same total volume of staff
for a single calendar day. The 2 − 2 − 2 pattern is indicated by the thick blue line and the
variable pattern is shown by the shaded green region.
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Figure 7.10: Comparison between 2− 2− 2 roster and a variable shift pattern for a single day.
The thick blue line describes the staffing provided by the 2− 2− 2 roster and the green shaded
region indicates that given by a variable shift pattern.
Both a 12 hour pattern and an 8 hour pattern were considered. These patterns result in a
situation wherein shifts are placed back-to-back in order to cover the full 24 hour period of
any given day. The result of this is that a consistent staffing allocation is maintained at all
times across any given day. Indeed the work of this thesis strongly suggests that such shift
patterns as these would be highly detrimental due to the likelihood that they will result in
periods of understaffing and periods of overstaffing. Figure 7.11 illustrates a 12 hour shift
pattern in comparison to the standard 2 − 2 − 2 pattern; indeed an 8 hour pattern would
follow the same flat trend however it would be at a lower level due to the reduced staffing
allocation to each shift. The 2− 2− 2 pattern is again illustrated by the thick blue line with
the 12 hour pattern being shown by the shaded green region.
For the proposed rosters, the incident demand profiler was used in order to assess their
capability to cater for the expected level of incident demand over the policing regions that
they are intended to be implemented. With the option within the profiler to estimate ele-
vation in demand it is possible to find the amount of cases in which the staff assigned to a
given roster will be able to immediately respond to all occurring incidents. This is achieved
through manual adjustment of the demand elevation level until the point at which the ele-
vated demand is equal to the available supply for at least one point in time and lower than
the available supply for all others. For example the graph displayed in Figure 7.12 displays
such an eventuality with demand elevation set at 88%. This means that the roster would
provide staffing that would be expected to be able to immediately respond to all occurring
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Figure 7.11: Comparison between 2− 2− 2 roster and a 12 hour pattern for a single day.
The thick blue line describes the staffing provided by the 2− 2− 2 roster and the green shaded
region indicates that given by a 12 hour shift pattern.
incidents in 88% of cases. If demand elevation is increased beyond this point, then demand
outstrips supply between 19:45 and 21:00 and thus it may only be stated that this roster
will be suitable to meet demand in 88% of cases and no more.
Figure 7.12: Graphical illustration of maximum demand elevation that may be met by a given
roster.
The green shaded region describes allocated staffing whilst the red shaded region illustrates
expected demand.
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7.5.2 Abstraction for Front Desk Staff
In order to allow interaction between the Police and members of the public, the Leicestershire
Force employ staff members to work at the front desks of local Police stations for public
enquiries and assistance. This is a critical role and at no point may any of the front desks
remain unstaffed. Due to this, there exist 2 major staffing groups that are used in order
to ensure that staff are always available. These are the standard staff assigned to work at
specific sites and a group of peripatetic staff that may work at any site in order to cover
the shifts of the standard staff if they are unavailable to work. In the case that there are
no peripatetic staff available to cover a given shift, it is then necessary to abstract either an
LPO or PBO from their regular duty in order to provide the necessary front desk staffing.
It was conjecturally stated that this eventuality is fairly common within Leicestershire and
the operational impact of removing an active Policing resource at short notice can be very
high.
Modelling the impact of staff abstraction upon these particular staff members then would
provide an estimate of the amount of officers that would be required to be abstracted from
active duty in order to cover the work of front desk staff. Further, through the consideration
of roster adjustments for front desk and peripatetic staff it could be sought to minimize
the amount of responsive officers required to cover for this role. The first step towards this
goal is in provision of an estimate of the amount of shifts per year that front desk staff are
abstracted from their work. To achieve this it is first necessary to collect data regarding the
number of staff that work on front desks and the amount of shifts that each of them will
work in any calendar year. Front desk staff are each assigned to 1 of 3 different types of site,
that vary based upon their expected volume of business and the hours that they open. These
are ranked gold, silver and bronze in descending order of business volume and are assigned
staff as described in the table presented in Table 7.4. The columns of the table presented are
headed to indicate which of the types of site the data they contain relates to; each column
details the amount of staff at all sites of that type, the amount of days each staff member
works and the total amount of days worked by all staff (this latter value being the product
of the former 2).
The total annual working day values may then be used in order to estimate the amount of
days that staff are expected to be abstracted and in requirement of cover. This is achieved
through multiplication by a percentage indicative of the target abstraction rate. For example,
the international standard abstraction rate when considering any staff planning is 30% and
so for the gold sites detailed in Table 7.4 this would result in an expectation of 2187 (0.3 ∗
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Table 7.4: Front desk staff assignation by type of site.
Gold Silver Bronze
Staff 30 9 10
Working Days 243 243 260
Total Annual Days 7290 2187 2600
7290) abstracted shifts within a calendar year. The true abstraction rate seen within this
department of Leicestershire Police is lower than this however and has been seen to steadily
remain at approximately 21%. Table 7.5 describes the estimated numbers of abstracted days
for each of these abstraction rates.
Table 7.5: Expected annual abstraction of front desk staff.
Gold Silver Bronze
21% Abstraction 1531 459 520
30% Abstraction 2187 656 780
In order to assess whether the peripatetic staff should be expected to be able to regularly
provide enough cover to meet all of these abstracted days, a similar calculation is required in
order to estimate their total annual working days. Table 7.6 details the same information for
peripatetic staff as was previously calculated for the front desk staff; this being the amount
of staff employed in this role, the days each of them works annually, the total annual days
worked by all staff and the amount of days expected to be abstracted.
Table 7.6: Expected annual working days for peripatetic staff.
Staff 9
Working Days 243
Total Annual Days 2187
21% Abstraction 459
30% Abstraction 656
From this, direct calculation may be performed to assess the difference between the amount of
required shifts cover to be provided by peripatetic staff and the amount of shifts those staff are
able to provide. Table 7.7 details this calculation through summation of the total expected
abstracted days across all sites for each abstraction rate considered and then subtraction of
the amount of cover days provided by peripatetic staff. This leaves a deficit number of shifts
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for which staff would need to be drawn from elsewhere within Leicestershire Police.
Table 7.7: Calculation of deficit shifts unmet by peripatetic staff.
Gold Silver Bronze Total Cover Deficit
21% Abstraction 1531 459 520 2510 1728 782
30% Abstraction 2187 656 780 3623 1531 2092
These results are in accordance with the conjectural statement that a large number of shifts
are required to be covered by responsive staff members. Further, by consideration of 2
different abstraction rates and due to the linear nature of the relation between abstraction
rate total abstracted shifts it is possible to present a graphical representation of these results.
Such a representation is provided in Figure 7.13. On this graph the blue line indicates the
amount of days expected to be abstracted as the abstraction rate varies whilst the pink
line indicates the amount of peripatetic cover days provided as abstraction rate varies. The
intersection of these 2 lines identifies the abstraction rate at which the amount of peripatetic
cover days is equal to the amount required by front desk staff. Any abstraction rate lower
than this will result in a surplus of cover whilst an abstraction rate higher than this will lead
to a deficit; in this example the intersection occurs at an abstraction rate of approximately
16%. The yellow horizontal line included indicates the currently experienced situation in
which abstraction is at a rate of 21%.
Figure 7.13: Graphical representation of peripatetic cover and front desk abstraction as abstraction
rate changes.
Using this it is possible to consider either employment of additional peripatetic staff or the
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adjustment of their staffing rosters in order to increase the standard amount of working
days. Indeed the latter of these options was undertaken by Leicestershire Police as a result
from this work and standard annual working days for peripatetic staff were raised to 277.
This results in a total annual number of 2493 working days, which reduces to 1969 after an
abstraction rate of 21% is applied. Further considered were changes to the staffing numbers
employed at front desks, resulting in the situation described by the values shown in Table 7.8.
Though this does not entirely remove the problem, it has significantly reduced the expected
numebr of shifts that will require cover from responsive Police staff; a reduction from 782 to
160 expected shifts needing cover annually when using an abstraction rate of 21%.
Table 7.8: Deficit peripatetic shifts after staffing level and staff roster adjustments.
Gold Silver Bronze Total Cover Deficit
Staff 20 9 10
Working Days 260 260 260
Total Annual Days 5200 2340 2600
21% Abstraction 1092 491 546 2129 1969 160
30% Abstraction 1560 702 780 3042 1745 1404
7.5.3 Summary
This section has demonstrated the impact of the incident demand profiling tool within Le-
icestershire Police and has mentioned how it has been used to inform roster adjustment
decisions for front line Police officers. Further an extension of the profiler to cater for front
desk and peripatetic staff has been shown that has been applied in practice by Leicestershire
Police; this resulting in the reduction of response officer abstraction to cover front desk shifts.
7.6 Hybridization
7.6.1 Introduction
For some optimization problems it may be seen that certain algorithms or techniques suffer
in their ability to solve the problem due to some of their characteristics. For an example
of this, the genetic algorithm included within the modeFRONTIER software presented in
Section 6.3 was seen to struggle in solving the staff rostering problem posed by Leicester-
shire Police within a reasonable amount of time. One method available to overcome such
situations is through consideration of a hybrid technique that utilizes elements of more than
just a single search algorithm in order to compensate for any weaknesses within the original
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algorithm. This chapter will present such a hybridization through a combination of the mod-
eFRONTIER genetic algorithm and the tabu search algorithm presented in Chapter 5. This
algorithm was seen to become dominated by a strong solution within the initial population
that was seen to propagate very well into later generations. Through this, final best found
solutions using the algorithm contained many shifts with no staff assigned whatsoever. With
the tabu search methodology used within this research designed to specifically take advan-
tage of such shifts there is strong potential for a beneficial hybridization of the 2 techniques.
The C++ based genetic algorithm however does not result in such a situation and as such
it would not make a suitable hybridization partner for tabu search by the method proposed
in this section.
It has been noted in the literature that genetic algorithms and tabu searches are highly
complementary when used together to form a hybrid algorithm. In particular, Glover et
al. [15] describe some potential methods by which the 2 distinct search methodologies may
be unified in order to tackle vehicle routing problems. Though not of direct application
to this research conducted regarding staff rostering, it does however highlight the fact that
tabu search and genetic algorithms may be used in conjunction in order to enhance solution
quality beyond that provided through each methodology when applied separately.
The potential strength of hybridization between genetic algorithms and tabu search is dis-
cussed within the work of Thangiah et al. [56] in which it is demonstrated that a particular
hybrid algorithm is significantly stronger when applied to problems with known solutions
than other popular metaheruistic techniques. Further diversity of the approach is illustrated
in an application of a hybridization of the 2 base optimization algorithms to the problem of
job scheduling in the work of Goncalves et al. [57]. In the paper it was proposed to use a
genetic algorithm approach to first construct a series of suitable schedules and follow this
with further solution improvement using a local neighbourhood search. This is precisely the
style of technique that will be presented within this chapter and tested upon the same trial
problems as previously used for both tabu search and genetic algorithms separately.
7.6.2 The Hybrid Search Algorithm
The hybridization proposed is more structurally simple than many of the methods proposed
within the literature and seeks to use a tabu search algorithm in order to improve upon
those results obtained through use of the modeFRONTIER genetic algorithm. The genetic
algorithm used is seen to result in the generation of solutions that comprise a great many
shifts with no assigned staff members. This is due to the relative strength of a particular
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member of the initial string population when compared to the other pseudo-randomly gener-
ated initial strings. With the genetic algorithm favouring the propagation of elements from
strings that are stronger in comparison to the others it is no surprise that a particularly
strong starting string is seen to greatly affect future generations. Usually mutation is able to
compensate for this through random string variation, however as the zero staff shifts become
more commonplace amongst generated strings it is seen that only a very high mutation rate
would be able to impact the strings enough. This is not a suitable option however as high
mutation rates lead to a mostly random search, with minimal tendency towards optimization
due to the fact that the search will effectively be generating new strings entirely at random
with each search iteration.
The tabu search created in Chapters 4 and 5 is seen to monopolize on precisely these prob-
lematic shifts, highly encouraging the distribution of staff members across shifts that were
otherwise lowly staffed through use of a more methodical search process.
The hybridization method used within this research was to use the final best solutions gener-
ated using the modeFRONTIER genetic algorithm and input these as the system initializa-
tion point for the tabu search. This should be seen to improve the solution quality obtainable
through use of either of the search methodologies individually. The genetic algorithm results
would strongly benefit from the methodical staffing distribution provided as part of the tabu
search algorithm whilst the tabu search itself will benefit through being initialized with a
starting solution that is itself strong and yet has good potential for enhancement. A flow
chart representative of this search process is displayed within Figure 7.14.
Figure 7.14: A flow chart describing the hybrid search algorithm process.
Within this research the best performing of both algorithms were compiled in order to create
the hybrid search algorithm. The genetic algorithm then used a population size of 32 strings
and performed with a mutation rate of 7.5% until 100 new generations had been created. The
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tabu search method used a recency based teabu tenure penalty applied to solution objective
function scores of 5 and made us of restart diversification, multiple minima diversification
and restart intensification.
7.6.3 Results
The described methodology was conducted a total of 15 times, the results from which are
displayed in Table 7.9 alongside results from conducting the tabu search method with the
default starting solution. The columns GA1 to GA5 represent 5 unique genetic algorithm
searches conducted using modeFRONTIER with the system criteria described. The first
row ‘Pre Tabu Score’ indicates the solution quality of the best result found by the genetic
algorithm; this result being that which becomes the initializing solution for the ensuing
tabu search. This generated solution was then used as the initialization point for 3 tabu
searches, each of which uses the exact same system criteria. Such action was performed in
order to allow any anomalous results created through the semi-random nature of both search
methodologies to be easily identified; no particular solutions stand out in these results as
anomalous and thus each of them is representative of the cap
Table 7.9: Results from application of the hybrid search algorithm.
Resulting solution quality from use of the hybrid method is similar to that provided through
use of the tabu search methodology alone. Due to this it is possible that the variation in
the tabu search initializing solution provided through use of the genetic algorithm has little
actual impact on final solution quality; meaning that the tabu search is strong enough to
reach the same resulting solution quality regardless of the inclusion of search initialization
through use of the genetic algorithm. In order to verify this claim, the same hybrid method
was applied to each of the 15 LPU based trial problems with the results from this illustrated
in Table 7.10. Within these results it is seen that the hybrid method is able to outperform the
tabu search method but does not do so consistently enough for this to be more than the result
of random variation due to the random elements of the respective search methodologies.
The final generated solution rosters in each of the trial problems are strongly similar to
each other for both the tabu search alone and for the hybridization method. Indeed it is
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Table 7.10: Results of hybrid search algorithm application to 15 LPU based trial problems.
commonly seen that across the full week rosters only a few staff members will be differently
allocated and the defined shifts themselves will be identical. The reason for slight difference
in the final solutions could be due to different paths being taken towards optimization from
different initializing solutions; this is particularly encouraged through application of restart
diversification within the tabu search. Thus as near optimality is reached, the different
moves used to reach the same region of the solution space will result in differing paths to
optimization and thus different elements being penalized by tabu tenure penalties. When
near optimality the number of improving moves available within the neighbourhood of the
current solution will be relatively low and thus these penalties have greater potential to act
in a restrictive manner. Thus it is likely that such situations as demonstrated will arise in
which final generated solutions differ only by the placement of a few staff members, where
the penalty to selection of the associated search elements is far greater than the very minor
improvement to solution quality their selection would afford.
The search parameters of each individual method have been varied widely in order to find
those that result in the strongest performance. Due to this, their variation within this
search would be expected to yield no improvement to the quality of solutions generated.
Indeed parameter variation within a single search routine would only be seen to weaken
the effectiveness of it with no anticipated benefit provided to the other routine. If however
the search were acting in a manner whereby it is seen to constantly switch between the 2
available search algorithms then it could be of benefit to lower the strength of 1 in order to
allow the other a more active role in the optimization. This presents an interesting potential
direction for further research in the construction of such an alternating search algorithm.
With tabu search being an intensifying algorithm by design it is possible that intermittent
use of genetic algorithms throughout the search could provide a wider range of diversification
leading to higher quality solutions.
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7.6.4 Summary
Through the work presented in this section it has been shown that a hybrid search algorithm
comprising a preliminary genetic algorithm search which is then continued through use of
tabu search is able to solve the staff rostering problem considered with generation of high
quality solutions. There remains the possibility however that the initialization solutions
provided through genetic algorithm are not of strong benefit to the overall algorithm. Indeed
with similar solution quality afforded through both the hybrid methodology and the tabu
search when conducted alone, it is at least possible to use the non-hybrid tabu search and
reach suitable solution quality with less computation time. It is concluded that though
the hybrid approach performs well, it would be recommended that the tailored tabu search
method be used instead for the target problem.
7.7 Chapter Summary
This chapter has presented a variety of additional work conducted as part of the research
for this thesis. In summary:
• A methodology by which incidents may be defined probabilistically through the assig-
nation of key characteristics that dictate the expected level of resourcing required for
their resolution has been demonstrated. This provides an alternative method whereby
random variation in incident based demand may be assessed.
• An alternative objective function was proposed that considered incident attendance
rate targets as a metric for success. This is a commonly used performance indicator
within many Police organizations within the UK. Emphasis within Leicestershire has
however focussed upon potential cost savings and reinvestment within other areas of
the business that may be obtained through staffing efficiency. Thus it has been more
appropriate within this work to utilize the first objective function proposed.
• The canine trained units within Leicestershire Police were discussed with the creation
of an adapted incident profiler that was tailored to suit their department. The use of
operational research techniques was noted as being expected to provide little benefit
to this department due to the low complexity of the staff rostering problem that would
be created.
• Practical implementations of the incident demand profiler within Leicestershire Police
have been discussed. Specifically its use in informing permanent staff roster adjust-
ments and the consideration of abstraction for front desk staff have been presented.
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• Hybridization of the best performing tabu search methodology with the genetic al-
gorithm provided within modeFRONTIER was conducted. It was seen the hybrid
algorithm is capable of generation solutions of a similar quality to the tabu search,
however it does so with a much greater calculation cost and thus it is not a recom-
mended approach for the problem considered within this thesis.
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Chapter 8. Conclusions and Future Work
8.1 Introduction
In this thesis a model for the demands present upon Local Police Officers (LPOs) has been
created that allows a representation to be compiled indicative of the required number of staff
to meet all such demand at any point in time. This model has been used in definition of a
series of trial problems through the coupling of generated profiles of demand with appropriate
staffing rosters. Both a tabu search metaheuristic and genetic algorithms have been applied
to the defined staff rostering problems through the use of C++ and have been shown able
to yield final solution rosters of a similar quality.
8.2 Summary
Within this thesis, several major tasks have been undertaken and completed:
• The work of other researchers in the field of demand modelling within other industries
was investigated with particular attention paid to methodologies employed. Further, a
selection of optimizing search algorithms were reviewed that presented some potential
application within this research. From this 2 particular methodologies were selected
for further consideration and eventual implementation within this thesis; these being
tabu search and genetic algorithms.
• A review and evaluation of the demands present upon front line staff within the Police
organization of Leicestershire was performed, leading to a full understanding of the
types of demand affecting these staff members and the required response necessary in
order to satisfy them.
• A new incident based demand profiling tool was created for use in assessing the ability
of a given staffing roster to meet expected levels of demand. This tool was used in
the definition of a series of trial problems that were later used in order to test the
operational research techniques considered.
• A tabu search optimization approach was applied to the defined trial problems with
investigation into the effects of variation in key search parameters. On discovery of
well suited search parameters, diversification and intensification enhancements were
constructed and applied in conjunction with the best performing tabu search in order
to further enhance solution quality.
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• Genetic algorithms were applied to the same series of trial problems in order to pro-
vide comparison against the results obtained through tabu search. Both a commercial
software package and a custom constructed C++ approach were tested. The commer-
cial software was seen to suffer from very slow convergence; this problem was solved
through use of the C++ program coupled with redefinition of the trial problems. In
both cases, suitable search parameters were discovered through trial variation.
• A hybridization of tabu search with genetic algorithms was considered and 1 such
methodology was applied to the trial problems. This was seen to provide an improve-
ment to the solutions generated through genetic algorithms alone when applied to the
original trial problems, however it did not strongly improve upon results obtained using
tabu search.
• The demand modelling work was expanded to consider a further department within
Leicestershire Police; this department being the canine trained units.
8.3 Conclusions
The final model created for LPO demand takes account of the following factors:
• Probabilistic variation in the number of expected incidents through consideration of
variation in historical data.
• Expected duration of incidents generated through calculation of a mean average from
2 years of historically recorded data.
• The effects of double crewing, this being the situation in which multiple Police officers
work as a single unit for the duration of their shift in order to increase their security.
• Incidents that result in an arrest and thus require an amount of additional staff time
in order to resolve satisfactorily.
• Additional administrative duties that may be present for any particular type of incident
beyond that which would otherwise be recorded in historical data.
• Variation in incident duration and occurrence rates through consideration of the 5
major incident types and 4 incident grades. The 5 types are anti-social behaviour,
crime, public safety, road related and other whilst the 4 grades are used to indicate
severity of the incident.
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Through application of the tabu search and genetic algorithms high quality solutions for
the defined staff rostering problems have been generated. The best performing tabu search
methodology was shown to:
• Employ a multiple minima diversification to ensure that a range of solutions within
the neighbourhood of the first found are investigated by the search. This helps to
discourage the search becoming trapped by a strong local attractor and encourages the
search to find results which are more likely to be global optima.
• Use a restart diversification modification in perturbation of the shift starting times
defined within the initial solution. This modification is informed by a previously
conducted search and identifies those shifts that were least selected for adjustment.
Perturbing these shifts specifically at initialization will force the next search into an
entirely new region of the solution space.
• Include a restart intensification that performs a preliminary search on a subset of the
available search elements that aims to focus upon a particularly lucrative region of the
solution space before initializing the full tabu search. The benefit of this particular
inclusion was fairly low, however the tabu search is known to be an intensifying search
and the effects of further intensification are expected to be small.
• Use 3 different moves and apply these in a particular sequence. This sequence was to
first distribute staff across shifts defined in the initializing solution, then to trial increase
of the starting times of these shifts followed by the third move type attempting decrease
of the starting times. Finally a secondary staff redistribution is implemented in order
to allow the staff distribution to compensate for the newly redefined shift structure.
The moves are defined in Section 4.4.2 and this sequence is equivalent to performing
moves of type 1, type 2, type 3 and finally type 1 again.
• Use recency based tabu tenure penalties based upon how recently any particular ele-
ment was last selected to conduct a move within the search process. The most com-
monly seen well suited tenure penalty was 5, this meaning that used elements will
remain penalized for the following 5 search iterations.
• An ability to adjust the total staffing level available across the roster as a whole coupled
with methodical shift length variation. Allowing the search to find the least number
of staff required across the most optimally defined shifts in order to meet all expected
demand.
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The most effective application of genetic algorithms was achieved through use of C++ and
considered the following:
• Mutation of the staffing level string elements at creation of new solution strings with
a selection rate of 5%. This encourages diversification within the search and indeed
allows staff level values outside of those included within the original string population
to be considered.
• Other elements of the search strings were not mutated as this was seen to be highly
detrimental to the search. The effects of allowing random mutation in shift starting
times and durations was too impactive upon the search and resulted in generation of
much weaker solution strings, damaging the ability of the search to find improving
solutions.
• Through redefinition of the base problem from a single weekly representation of demand
and an associated staffing roster into a series of 7 daily problems it was possible to
generate solutions of similar quality to the tabu search. Convergence of the search
towards a suitably high quality result was very slow when considering the full week as
a single problem.
• Solutions were identified as valid or invalid by consideration of the total staffing allo-
cation that they represent across a full roster. Invalid solutions were heavily penalized
to discourage their future selection within the breeding process.
The field of operational research has been added to with this research through use of the tabu
search methodology to the problem defined coupled with implementation of diversification
and intensification techniques defined by the author. This has been recognized by the Journal
of the Operational Research Society and a paper detailing some of this work has been peer
reviewed and accepted for publication under the title ‘A Tabu Search Algorithm Applied to
the Staffing Roster Problem of Leicestershire Police Force’. The incident demand profiling
tool constructed within this research was presented at Simulation Workshop 2010 alongside
a peer reviewed paper titled ‘An Application of Demand Profiling and Optimization of
Staffing Levels within Leicestershire Police Force’ that appeared in the proceedings of the
conference. Indeed the staff rostering problem itself is unique in that there is very little
applied research towards the optimized rostering of Police staff members. In contrast the
nurse rostering problem is very highly researched but as has been noted, there are several
differences between that problem and the one posed within this thesis.
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8.4 Future work
There are many potential ways by which this research could be extended. These are based
around 2 key categorizations, the consideration of additional factors that allow a more com-
plete image of demand to be created and review of application within Leicestershire Police
with further implementation and development in the industrial setting.
• To enhance the realism of the demand model it would be of benefit to obtain real-
istic data for input relating to abstraction rates, administration time, unit crewing
policy and incident attendance policies. This would result in the model being tailored
specifically to suit the Leicestershire Police organization by considering precisely their
policies and situation.
• Expansion of the research to consider other areas and departments within the Force.
Of particular interest are Police Community Support Officers, Criminal Investigation
Department and Police Beat Officers. There is further potential to such an expansion
as it would allow the effects of interactions between departments and officers to be
considered.
• Strong benefit could be gained through consideration of the working conditions of staff
members. This would result in a model that is able to quantify the expected level of
staff satisfaction with any given roster for each individual Officer (thus also allowing an
average staff satisfaction to also be defined). Through implementation of the proven
optimization techniques of tabu search and genetic algorithms, rosters could then be
created that meet demand and also provide high staff satisfaction.
• Considering geographic factors could provide a benefit within future work. Indeed
there is potential to optimize incident response times through consideration of the best
placement of Officer waymarkers (key geographic points at which Police staff will wait
until an incident occurs).
• Investigation of potential seasonal fluctuations in demand and the effects of specific
events such as bank holidays or local events would allow more specific staff rostering
problems to be created and understood. Indeed with a full understanding of any such
demand variation a more robust model of the demands on Police staff could be created.
• Through contact with the Police organizations of other Counties it would be possible
to expand the research to better suit a more diverse range of Police staffing problems
than those posed by the Leicestershire Force alone.
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Appendix A. Trial Problems.
Figure A-1: Trial problem based upon the CB region of Leicestershire.
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Figure A-2: Trial problem based upon the CH region of Leicestershire.
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Figure A-3: Trial problem based upon the CK region of Leicestershire.
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Figure A-4: Trial problem based upon the CM region of Leicestershire.
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Figure A-5: Trial problem based upon the CN region of Leicestershire.
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Figure A-6: Trial problem based upon the CW region of Leicestershire.
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Figure A-7: Trial problem based upon the NH region of Leicestershire.
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Figure A-8: Trial problem based upon the NL region of Leicestershire.
216
Figure A-9: Trial problem based upon the NM region of Leicestershire.
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Figure A-10: Trial problem based upon the NR region of Leicestershire.
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Figure A-11: Trial problem based upon the NW region of Leicestershire.
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Figure A-12: Trial problem based upon the SB region of Leicestershire.
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Figure A-13: Trial problem based upon the SH region of Leicestershire.
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Figure A-14: Trial problem based upon the SM region of Leicestershire.
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Figure A-15: Trial problem based upon the SW region of Leicestershire.
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Figure A-16: Trial problem based upon the City region of Leicestershire.
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Figure A-17: Trial problem based upon the North region of Leicestershire.
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Figure A-18: Trial problem based upon the South region of Leicestershire.
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Appendix B. Probabilistic Methodology C++ Code.
Figure B-19: Page 1 of probabilistic methodology C++ code.
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Figure B-20: Page 2 of probabilistic methodology C++ code.
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Figure B-21: Page 3 of probabilistic methodology C++ code.
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Figure B-22: Page 4 of probabilistic methodology C++ code.
230
Figure B-23: Page 5 of probabilistic methodology C++ code.
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Figure B-24: Page 6 of probabilistic methodology C++ code.
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Figure B-25: Page 7 of probabilistic methodology C++ code.
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Figure B-26: Page 8 of probabilistic methodology C++ code.
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A TABU SEARCH ALGORITHM APPLIED TO THE STAFFING ROSTER 
PROBLEM OF LEICESTERSHIRE POLICE FORCE 
Mr O.S.S.T Edleston & Dr L.M Bartlett 
Aeronautical and Automotive Engineering Dept. 
Loughborough University, Leicestershire 
ABSTRACT 
This paper presents an application of the tabu search algorithm to a staff rostering problem relevant to 
Leicestershire Police.  The aim is to address the issue of structuring staff rosters to enable effective use 
of staff to meet the demand on the Police to reduce and deal with crime related incidents. This problem 
is defined through the compilation of a time varying level of required staff and an associated staff 
roster.  The objective is an optimised work set up, maximising staff resources and the meeting of 
demand.  Optimisation of staff levels to demand is sought through use of a series of tabu search 
algorithms, making use of two diversification techniques and an intensification technique individually 
and in compilation. The tabu search is shown to be a well suited optimisation approach to the type of 
problem defined, with individual conclusions drawn for each of the technique combinations used. 
Keywords: tabu search, staff rostering, Police, optimisation 
1 INTRODUCTION 
A common problem faced by many industries and organisations is how best to use or supply available 
resources in order to meet a quantifiable demand; this is true not only for the supply of material stock 
items but also when considering the distribution of staff members over time. A wide variety of staffing 
roster problems are investigated both within industry and the literature. Within this work, problems are 
considered where there exist time dependent demands which are used to quantify the required number 
of staff members on duty over time. This type of problem is commonly referred to as an operator 
staffing problem (Jennings et al., 1996), (Baker, 1976). Within the work of Baker (Baker, 1976) a 
survey of mathematical models that have been used in order to solve such problems is provided; 
however the work focuses on situations in which demand is cyclical, with no strong fluctuations such 
as those that are experienced within the Police problem. Jennings et al. (Jennings et al., 1996) define a 
method for calculating a total staffing (or server) amount required in order to increase the probability of 
staff availability to meet any newly occurring demand above a target percentage. The problem posed 
by Leicestershire Police differs from this however in that it is desired instead to provide the specific 
arrangement of staff required in order to best meet demand. The most directly related problem to that 
considered in this paper is the well defined and thoroughly examined nurse rostering problem (Burke et 
al. 1999, 2003); this problem being one that also considers demands and the provision of staff within a 
public service business. The work conducted in this field generally focuses upon solution of pre-
constructed staffing problems through use of optimisation and iterative search procedures. For 
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example, the work conducted by Burke et al. (Burke et al. 1999) employs the tabu search algorithm for 
nurse roster optimisation whilst considering an objective function based upon staff satisfaction levels. 
In their work it is shown that tabu search is a highly suitable optimising tool for such applications and it 
is used in the development of a software package titled PLANE, for use by National Health Service 
hospitals in Belgium. In the work of Naudin et al. (Naudin et al., 2009) consider a general staff 
rostering problem and construct 3 models leading to its solution, these models each consider a different 
level of tasking that is assigned to each staff member. The first seeks to assign individual tasks on a 
moment by moment basis to staff, the second considers instead the assignation of daily rosters as a key 
variable and finally the third considers weekly rosters. A branch and bound methodology is applied to 
each of these models and conclusions are drawn about the relative strengths and weaknesses of each. 
For research of this nature there are many techniques to potentially use. Hertz and Werra (Hertz et al., 
1990) provide a general overview of the tabu search and describe application to a variety of 
optimisation problems. They conclude that tabu search is a valid and powerful optimisation technique 
which is suited for use in many problems. Gaspero and Schaerf (Gaspero et al., 2001) discuss the use of 
tabu search upon a particular problem, the scheduling of University examination timetables. A number 
of constraints are defined which are used for both the invalidation of particular arrangements of 
examinations or penalisation of certain patterns. They compare the effectiveness of the constructed 
tabu search upon public benchmarks and note that it performs well against other optimisation 
techniques. Indeed the tabu search has been successfully applied to well known optimisation problems, 
such as in the work of Hertz and Werra (Hertz et al., 1987) where, in an approach to the graph 
colouring problem, it is shown not only that tabu search is well suited but that it even outperforms the 
simulated annealing technique. Ernst et al. (Ernst et al., 2004) provide a review of the types of rostering 
problems that have been previously investigated within the literature with particular reference given to 
individual fields in which previous research has been applied. An alternative objective to that 
considered in this research is presented in the work of Gaspero et al. (Gaspero et al., 2004) where 
minimisation of the total required number of shifts is sought. The intent of this is to reduce the 
complexity present within a series of defined shifts in order to increase the ability with which it may be 
managed. In contrast, the research presented here considers a fixed number of shifts and seeks to find a 
best defined series of shifts with a best fit of available staff across them. In the work conducted by 
Musliu et al. (Musliu et al. 2004) a tabu search method is implemented that redefines the shift structure 
iteratively in order to best satisfy a given objective function. They show that such a process is of strong 
benefit to staff rostering problems and demonstrate its effectiveness on both generated and real world 
problems. Gaspero et al. (Gaspero et al. 2007) demonstrate an alternative objective to that considered 
here, instead seeking to generate staffing rosters with as few shift variations as possible. The intent of 
this is to reduce the complexity present within a series of defined shifts in order to increase the ability 
with which it may be managed. In contrast, the research presented here considers a fixed number of 
shifts and seeks to best fit available staff across them. 
In this research, first the optimisation problem facing Police personnel in allocating staff in order to 
meet some predicted demand will be defined. Following this, detail will be given of a tabu search 
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algorithm constructed in order to attempt optimisation of this problem. An introduction to 
diversification and intensification strategies is provided alongside description of their applications in 
enhancement of the base tabu search algorithm used. Trial problems for optimisation are defined and 
the constructed search algorithm is applied to these; performance of the algorithm is monitored through 
use of an objective function that quantifies the surplus demand across a time period of interest. 
Conclusions will be drawn about the success of the tabu search when applied to the defined problem; 
different combinations of diversification and intensification strategies are tested with comparisons 
made between the performances of each. Finally a few suggestions will be made of potential 
developments that could further enhance investigation into the field of work considered by this paper. 
2 TABU SEARCH 
2.1 Overview 
The tabu search is a very powerful optimisation tool (Glover et al., 1997), with a wide range of 
applications and a high rate of success due to the method allowing a high level of customisation in 
order to suit individual needs. For example it has been used to great effect in the problems of staff 
rostering (Burke et al., 2003) and vehicle routing (Gendreau et al., 1994) in addition to more general 
optimisation tasks (Glover, 1994). In each of these the tabu search method is shown to compare 
favourably against other optimising search techniques such as neighbourhood search and genetic 
algorithms, both in terms of optimisation ability and calculation cost. 
One of the key features of tabu search is the continuous updating of, and reference to, a flexible 
memory structure. The precise nature of this structure will vary with implementation yet they are all 
common in that they allow the consideration of effects from previous optimisation attempts when 
deciding upon a current path for investigation. Through the use of this memory structure, search 
elements that are used at each iterative step may be ruled out or penalised according to some defined 
rules; such restricted elements being labelled as tabu. Importantly this helps prevent a tabu search from 
becoming drawn to and trapped at a single strongly attracting locally optimising solution; in a basic 
local neighbourhood search this is the primary weakness. 
2.2 Diversification and Intensification 
To further enhance the ability to prevent the search becoming trapped at a single strong attractor it is 
often seen that intensification and diversification techniques are used. The basic objective of a 
diversification technique is to widen the region of solution space considered during a search, allowing a 
larger range of solutions to be considered. In order to achieve diversification, the search must be forced 
into a different area of the solution space than it would otherwise encounter. This is accomplished 
through perturbation that can either occur throughout the search or during the initialisation process; 
examples of these being multiple minima diversification and restart diversification respectively. 
Intensification is applied by first identifying what appears to be a promising region within the solution 
space and then focusing the search upon this region; such focusing is usually accomplished through the 
exclusive limitation of available moves to those providing solutions within this region. 
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2.3 Multiple Minima Search Diversification 
An example of perturbation that occurs throughout a search process that was considered and tested 
within this research is a multiple minima search. The base idea behind this diversification is to perturb 
the search away from any discovered locally optimising solution and encourage it to find another 
alternative solution within some local vicinity; accordingly in this work the perturbation is set to occur 
upon discovery of a locally optimising result. 
Within this research perturbation was achieved through reversal of a number of the most recent 
iterative steps taken towards optimisation; effectively this results in returning the search to a previous 
state that occurred a set number of iterations ago. It is important to prevent the search from proceeding 
along the same route to optimisation, which would result in rediscovery of the previous optimising 
solution. In order to achieve this, the tabu tenures associated with the moves subject to reversal in the 
perturbation are retained. Thus the search will return to a prior state and with the previous optimisation 
path being heavily penalised it will be encouraged to explore an alternate route ideally ending in a 
different solution. Each solution discovered is logged before perturbation with the relative strengths of 
each compared in order to provide the best solution upon final search termination; the strength of each 
solution being quantified through use of some suitable objective function. 
2.4 Restart Diversification 
Restart diversification is implemented by selecting a few of the variable parameters and, upon 
completion of a full search, forcing them to take infrequently encountered values. These variable 
parameters would be any part of the solution that may be adjusted using any of the search 
transformations (or moves) defined for use by the search procedure. For the restart diversification 
applied within this research, the elements selected for perturbation upon search restart were the starting 
times of each of the defined shifts used in problem initialisation. In order to identify which of the 
elements was least used within a previous search a count is maintained for each individual element, 
recording the amount of times each is used.  
The perturbation itself was achieved through adjustment to the shift starting time for each of the shifts 
defined as least used within the previous search. The starting times were increased by 1 hour, decreased 
by 1 hour or remained as they were, with an equal possibility of selection; in this way the search will 
consider a different initial state to that of the previous search and will explore a new area of the 
potential solution space. 
2.5 Intensification Techniques 
Application of the most commonly used tabu search intensification technique was not appropriate 
within this work as it was seen to work counter to the multiple minima diversification approach. Indeed 
use of this basic intensification was seen to harm the quality of solutions found by essentially forcing 
the search to favour strong local optima. 
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An alternative intensification technique was created that was used in order to adjust the initial solution 
before the tabu search itself is initialised. In order to perturb the initial solution in a constructive 
manner the intensification considers information drawn from a previously conducted optimising search; 
effectively then this may be known as a restart intensification. Similar to the data used to inform restart 
diversification, the restart intensification considers the frequency with which each element was 
involved with the moves conducted between iterations in a previous search. For intensification each 
shift defined is regarded as an element and it is noted as having been used for each time that a member 
of staff is moved from or to it within the staff redistribution search stage. 2 counts are maintained for 
each element; one for staff moving to the associated shift and the other for staff moving from it. Using 
these, elements that are the most common donators and receivers of staff can be identified. The search 
is restarted using the same initial conditions as previously which are then perturbed by consideration of 
the most commonly used elements from the prior search. In order to achieve such perturbation within 
this work, the elements are used to identify a limited set of elements available for selection within a 
preliminary search conducted prior to the main tabu search. This restricted element set is defined to 
allow only those moves in which staff are transferred from previous common donators to previous 
common receivers. This preliminary search is a local neighbourhood search that proceeds until a first 
optimising result is found, at which point the tabu search initiates. 
3 APPLICATION OF METHOD TO THE POLICE PROBLEM 
3.1 The Optimisation Problem 
As with all policing organisations Leicestershire Constabulary employ many different types of staff in 
order to meet the range of demands placed upon them. Local Police Officers (LPOs) are staff members 
primarily used in responding to calls for service from the general public. Through government enforced 
targets emphasis is placed upon response to incidents regarded as high priority; these incidents being 
cases where there is an immediate danger to life or property. For this research it is assumed a reliable 
and accurate method for quantification of all incident based demand for LPOs exists. 
The problem is defined by Leicestershire Police as the need to find the most optimal way of assigning a 
set number of staff members in order to best meet quantified demand. In this way suitable optimisation 
methods would be those capable of resulting in a best fit between staffing and demand. There are 
several factors within this problem, affecting both the availability of staff and the structure of defined 
shifts. For ease of practical implementation, aligning with the Working Time Directive, a shift length is 
fixed at 9 hours for the initial research. With fixed shift durations the search will operate through the 
starting time and number of staff members assigned to each shift. A total available number of staff is 
given to be distributed over a full calendar week, this then should encourage the optimising search to 
draw staff members from expected lower demand days of the week to expected higher demand ones.  
3.2 Objective Function 
In order to be able to assess the quality of any given solution, with regards to its ability to meet 
demand, an objective function is used. This objective function quantifies into a single real value the 
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amount of demand that is not immediately met for a given solution of the Police problem being 
considered. To do this the difference between supply and demand of resources is considered for each 
individual point of time in turn within the entire time period for the problem. If the demand for 
resources at any point is greater than the supply then the difference between the two is added to a 
running score total. If instead the supply of resources is equal to or greater than the demand level then 
no change is made to the score; at these points in time there is no surplus demand to be added on. 
Thus it would be expected that an optimising solution would be one that provides the best fit of 
resources to the demand as possible; in effect this would be equivalent to minimisation of this sum. 
However the trial problems have been created so that meeting all demand is not possible as this will 
force the search to continue attempting optimisation until a stopping criteria is met. 
3.3 Trial Problem Definition 
In order to test the capability of the constructed search algorithm in optimising allocation of staff 
around a given demand profile, a series of trial problems were constructed. These problems each 
consist of the pairing of a staffing roster over a period of time and a demand profile that describes the 
amount of staff required in order to meet the demands at each point in time over the same period. 
Demand data used for problem construction in this work was defined by a series of demand levels for 
each quarter hourly period over the entire time range of interest; this is illustrated within Table 1, 
where a sample 90 minute period (covered by 6 quarter hourly sections) is shown. Demand values 
quantify the number of incidents which are currently active and requiring the attendance of a member 
of Police staff within the associated time segment. 
Table 1. Sample trial problem demand values across a 90 minute period. 
 
Staffing levels are instead constructed through definition of a series of shifts; each individual shift 
being assigned a starting time, duration in hours and staff amount. A sample staffing roster for a single 
day of the week, in a career where demand occurs 24 hours a day, is displayed in Table 2. For this 
study, 5 distinct shift starting times are defined for each day of the week; these particular starting times 
being chosen to reflect one of the shift definition options considered by Leicestershire Police. 
Table 2. An example single day staffing roster. 
 
3.4 Implementation 
3.4.1 Input Initialization 
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The first stage of the tabu search used in this research is the input data from the relevant sources, which 
results in the storage of input data in a series of real and integer value arrays. This input data will 
record both the values descriptive of demand levels for each time interval and the initial shift 
composition. It is then important to assess this initial setup in order to obtain a benchmark value 
recording the original score attributed to the roster; without this both the effects of the search and 
indeed whether optimisation were actually occurring at all would be unknown. 
3.4.2 The Tabu Search Moves 
Within this study 2 types of move are considered. The first move type performs adjustment to the 
staffing level assigned to each of the defined shifts whereas the second seeks to adjust the shift 
structure itself through variation in shift starting times. It should be noted that neither of these will 
result in the creation of additional shifts within a staffing roster and as such both the total staffing level 
and the total number of shifts defined within initial setup will be constraints upon the search. 
3.4.3 Initial Optimization and Move 1 
The optimising search begins through redistribution of the initially assigned staff amongst the shifts 
defined using the input staff roster. This is achieved by selecting every possible pairing of available 
shifts and attempting to move a single staff member from the first of the pair to the second. After each 
of these trial moves is made, the roster score is recalculated to take account of the change that has been 
made, this score is logged and the move is reversed. In this way every possible roster that may be 
reached through a single staff exchange move is encountered and has its objective function score 
recorded. Thus the entire local neighbourhood surrounding the current solution is investigated in the 
same way as it would be for a neighbourhood search algorithm. The best of these moves is selected to 
be carried out as a permanent adjustment to the roster; in this case a best move is taken to be that 
resulting in most improvement to the current roster score towards optimality. Upon discovery and 
selection of a most improving move the associated elements are marked as tabu in order to discourage 
their repeated use. In this work this is accomplished through application of a recency penalty to each 
element; this penalty was initially variable however trial simulations suggested a fixed value of 5. 
3.4.4 Implementation of Move 2 
The optimisation process through use of move 1 continues until no further improving moves are 
available to the search and thus a locally optimising solution has been found; whereupon a second stage 
of the search initiates that will investigate adjustment to the shift starting times. In a similar way as in 
the staff redistribution stage the local neighbourhood of the current solution is investigated at every 
search iteration by conducting a series of moves and noting their relative strengths. The best of these 
moves is again selected for implementation and the associated elements marked as tabu; the tabu status 
being implemented again with a recency tenure penalty of 5. With completion of this shift starting time 
adjustment the final stage of the search is to perform a second staff redistribution stage; this being 
included to encourage optimal use of the newly defined shifts. 
3.4.5 Diversification and Intensification 
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At this point a set of locally optimising results will have been discovered and the best of them will be 
proposed as a suitable solution. If multiple minima diversification is chosen to be applied then this is 
the point at which it will initiate, reversing the previous 5 search iterations whilst retaining tabu 
tenures. This multiple minima search will continue until the desired number of locally optimising 
solutions have been found, at which point the search will terminate. Within this research it was decided 
to continue until 10 such solutions were discovered. At this point restart diversification and 
intensification may be applied through restarting the search from its initial state and applying either one 
or both of the processes. 
The process of application of tabu search with diversification and intensification technique application 
will continue until some stopping criteria is reached. Multiple minima search will continue until a 
sufficient number of solutions have been discovered and the restart diversification and intensification 
approaches will repeat until a specified number of restarts have occurred; in this work 1000 restarts 
were used when applying restart techniques. This process is summarised within the flow chart 
presented in Figure 1. 
 
Figure 1. A flow chart describing the structure of the tabu search algorithm used here. 
4 RESULTS 
A series of simulations were run in order to compare application of different combinations of 
diversification and intensification techniques when applied to the base tabu search. Each individual 
simulation entailed performing 10000 tabu searches in sequence with restart diversification and 
intensification methods implemented between each search where appropriate. The base figure used for 
comparison in order to show improvement was taken from a single search performed upon a fixed trial 
problem using the tabu search algorithm with the multiple minima diversification; the resulting score of 
the objective function used was 39.784. Application of the same tabu search methodology with no tabu 
tenure implementation is equivalent to performing a steepest descent search and results in an objective 
function score of 41.071; immediately it is seen that even the basic tabu search method improves upon 
this value. Results from other tests would then be compared against these benchmark figures in order to 
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indicate any improvements made to solution quality from the search; noted through reduction in this 
objective value. 
Table 3 describes the results from all tests that were performed. In this table, 4 combinations of 
diversification and intensification approaches are listed. Firstly ‘R.Div and M.M’ refers to simulations 
in which restart and multiple minima diversifications are applied to the basic tabu search; ‘R.Div, R.Int 
and M.M’ describing the same combination with the addition of restart intensification. The final two 
categories are used to signify scenarios in which restart intensification is applied in a less restrictive 
sense. R.Int(from) indicates that in performing the preliminary search restriction to the available moves 
is placed only upon the list of shifts that staff may move from; in this way then a reduced list of staff 
donators is provided however all shifts may be receptors of additional staff in the preliminary search. 
Similarly R.Int(to) restricts only the shifts that staff may be moved to; so only the most common 
receptors of staff within the previously conducted search will be allowed as receptors within the 
ensuing preliminary intensification search. The ‘Improvements’ values indicate in how many of the 
searches out of 10000 that the application of the associated diversification and intensification 
techniques offered improvement over the base search with multiple minima diversification. ‘Best 
Solution’ values describe the score as quantified by the objective function for the most optimising 
solution found out of all 10000 searches. These `Best Solution’ values are indicative of the quality of 
the final best solution found by the search (with a lower score identifying a higher quality solution) and 
indeed allow for comparison of the impact upon final solution quality for each of the various search 
method combinations. 
Table 3. Results from varied tabu search simulations 
 
Each of the combinations of diversification and intensification techniques is shown to provide an 
improvement to solution quality when applied to the basic tabu search. The inclusion of multiple 
minima (M.M) and restart diversification (R.Div) approaches results in an average final solution 
quality of 24.2306 over the 4 trial simulations; this is a notable improvement from the benchmark 
figure of 39.784, showing an average reduction of 39.1%. Further addition of the full restart 
intensification process gives an average solution score of 23.5967, equivalent to a score reduction of 
40.7% from the benchmark. These two results, with and without restart intensification, are similar to 
each other and it is suggestive that application of restart intensification has not been of benefit within 
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this work. Indeed both restricted variants of the intensification technique are seen to demonstrate a 
detrimental effect upon the average solution quality; solution quality dropping by an average of 15.6% 
and 10.9% for the individual restricted techniques. Figure 2 illustrates the initial roster and demand 
profile alongside the best found staffing roster from the optimising tabu search techniques of restart 
diversification and multiple minima diversification. The shaded area represents the quantified demand 
over time, the thinner line demonstrates the amount of staff provided over time using the initial staffing 
roster and the thicker line showing the staffing over time given by the best found roster from tabu 
search application. This shows a good fit between the optimised staffing roster and the demand, 
demonstrating the effectiveness of the tabu search when applied to this problem. 
 
Figure 2. Comparison of initial staff roster against optimised roster from use of tabu search. 
Similar quantities of improving searches are seen across all tabu search enhancement combinations and 
all simulation runs. From this it may be stated that any factor common between all combinations is the 
controlling factor of the success rate for the search; in this case the common factors are the multiple 
minima and restart diversification approaches. The rate of improvement is however fairly low, with 
better solution quality provided in only 17% of the conducted searches. This is suggestive that the basic 
roster defined is a good initialisation point for the tabu search, with many of the perturbations through 
restart diversification leading to points from which only lower quality solutions are found. 
5 CONCLUSIONS 
Tabu search has been shown to have a strong relevance to application on the type of problem 
considered by this work, producing high quality results with relatively low calculation cost. The 
multiple minima diversification technique was demonstrated capable of improving results obtained 
from the basic tabu search by forcing a larger number of potential optimising solutions to be considered 
in each search. Similarly, restart diversification was seen to provide improvement to the quality of final 
optimising solutions. This showing not only that restart diversification provides a benefit to the strength 
of the tabu search, but also that the initial conditions are themselves an important factor to final 
solutions obtained from this type of problem. The restart intensification procedure offers no 
improvement to the best solutions provided by a tabu search; both when performed alone and when 
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used in conjunction with the diversification methods. This is seen  through the fact that inclusion of this 
feature within the search leads to only negligible improvement to the quality of final solutions 
provided, with an average improvement of only 2.6%. The most powerful tabu search method created 
through compilation of these considerations was tested on a larger range of 15 trial problems 
representative of the smaller policing regions within Leicestershire. Across these problems an average 
improvement of 38.2% was seen for final solution quality beyond that provided by steepest descent. 
The potential impact that application of tabu search based optimisation techniques may have within the 
Police and other service industries is notable. The sample staffing roster used to form the base trial 
problem within this work is an approximation to a realistic roster. Thus comparing the objective 
function scores of this and the optimised rosters can give an indication of the scale of improvement that 
may be found in real world problems. The base roster has an objective function value of 386.3274, 
which compared to the best found result of 20.7406 equates to a difference of 365.5868 person hours of 
work; using an hourly rate of £13.19 this is equivalent to a weekly effective cost saving of £4822.09. 
Note that the same total number of staff members are employed in this example, the effective cost 
saving is derived improvements in the efficiency with which they are used. 
Only a limited variety of moves are available within the tabu search defined. Through definition of 
additional moves it would be possible to increase the flexibility and diversity of the search; this would 
allow a wider investigation of the solution space improving both solution quality and the chance of 
restart diversification leading to further improvement. There is further potential to develop the work 
presented here through implementation of operational research techniques in allowing the variation of 
system parameters. The authors have conducted work investigating variation of shift structures 
(through shift duration perturbation), adjustment to total staffing availability and an alternative 
objective function that seeks to find the most optimal staffing allocation across the most optimal shift 
pattern. 
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